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Abstract— Model Free Reinforcement Learning (MFRL) has
shown significant promise for learning dexterous robotic ma-
nipulation tasks, at least in simulation. However, the high
number of samples, as well as the long training times, prevent
MFRL from scaling to complex real-world tasks. Model-
Based Reinforcement Learning (MBRL) emerges as a potential
solution that, in theory, can improve the data efficiency of
MFRL approaches. This could drastically reduce the training
time of MFRL, and increase the application of RL for real-
world robotic tasks. This article presents a study on the
feasibility of using the state-of-the-art MBRL to improve the
training time for two real-world dexterous manipulation tasks.
The evaluation is conducted on a real low-cost robot gripper
where the predictive model and the control policy are learned
from scratch. The results indicate that MBRL is capable of
learning accurate models of the world, but does not show clear
improvements in learning the control policy in the real world
as prior literature suggests should be expected.

I. INTRODUCTION

Researchers have tried to emulate human skills and learn-
ing capabilities to create more effective robots for decades.
Dexterous manipulation is desirable to enable effective in-
teraction with objects in complex environments. Despite an
extensive investigation, human-level manipulation by robots
is still not yet achieved. Dexterous manipulation in real-
world applications involves changing an object’s position
and/or orientation in complex and unstructured environments
[5], [49]. Traditional solutions rely on detailed kinemat-
ics and physics models to generate complex motion plans
to control the grippers [6]. The drawback is that these
approaches cannot adapt to novel environments or refine
their strategy while executing. They rely heavily on highly
structured environments that are very sensitively calibrated
[7]. These problems are further exacerbated as the degrees of
freedom increase by adding more manipulators to the gripper.
Therefore it is necessary to present new methodologies that
facilitate rapid adaptation to environmental changes without
the need for tedious manual interventions.

Reinforcement Learning (RL) has played an essential
role in this effort. Unlike traditional AI methods, such as
unsupervised and supervised learning, RL does not require
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Fig. 1: The robotic testbed used for the experiments consists
of an adjustable base structure, a fully-actuated robotic
gripper, a webcam for recording the pose of the object and
the joints, and a 3D printed valve-like object.

pre-labelled data or an extensive training dataset to discover
a solution for a new problem. Instead, it derives a suitable
solution via interactions with the environment [52]. This way
of learning has made RL popular in the robotics community
and other areas, emerging as a potential solution for increas-
ing the adaptability of robotics systems in diverse scenarios.
Much research has been carried out in this area of AI, where
several survey papers have been introduced that demonstrate
the potential of RL [9], [31], [43], [12], [45]. Examples of
the success of RL include autonomous soccer-playing robots
[44], inverted helicopter flight controllers [36], or learning to
play board games such as Go on a professional level [46].

RL has also been applied extensively to dexterous manipu-
lation, bypassing the need for manually designed controllers
or using fixed handcrafted models. Simulation and real-
physical hardware proposals employing RL with many multi-
fingered robotics hands have been presented for solving
complex manipulation tasks [49]. However, the primary
challenge of deploying RL at scale for physical systems is the
significant training time required to learn the control policies.

MBRL has been proposed as a means of reducing the
training time and improving the efficiency of the learning
process [32]. The use and performance of MBRL to improve
the learning time for robotic tasks have been explored in
recent years [3], [25], [10], [34], [38], [39], however, the
work is primarily limited to simulated tasks.
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This paper presents a comprehensive comparative analysis
of the state-of-the-art in MFRL and MBRL on a dexterous
robotic manipulation task with a real robot. The complete
learning procedure and testing experiments are carried out on
an open-source robotic manipulation test-bed platform shown
in Figure 1.

II. RELATED WORK
Even with the vast spectrum of ”traditional engineering”1

proposals indicating favourable results on dexterous ma-
nipulation in both simulations and real hardware [13], [1],
[4], [33], [27], [26], the increased complexity in modelling
modern robots, make dexterous manipulation impractical
and computationally expensive to achieve with traditional or
manually designed controllers [40]. RL presents a means of
learning complex control policies without human-engineered
solutions. RL falls into two categories: MFRL, and MBRL.
The most significant difference between these two classes
lies in whether or not a predictive model of the environment
is known [47].

In MFRL, as its name implies, there is no explicitly
defined predictive model. MFRL methods directly learn a
policy by interacting with the environment and mapping from
states to actions. MFRL algorithms and their applications
have gained significant attention in research. While MFRL
has shown significant progress, its efficiency cost is an
essential point to consider. Real-world samples are costly to
obtain due to hardware vulnerability and time restrictions;
the more fragile a robotic system, the more valuable data-
efficient methods should be [11]. MFRL is expensive in terms
of sample complexity needing many interactions to learn a
task; this may limit its application primarily to simulated
domains. Although some MFRL approaches have demon-
strated a significant reduction in the number of samples
needed in the training process [15], there are still several
limitations associated with hardware constraints, exploration
strategies or the cost of obtaining new samples, making
MFRL replication difficult in real-world domains.

MBRL, on the other hand, uses a predictive model (known
or learned) to learn a global policy or value function to
act in the environment [32], reducing the number of real-
world interactions required and consequently learning faster
than MFRL. However, there is a significant challenge for
MBRL, model accuracy. The learned model might not be
accurate enough; consequently, the control or policy learn-
ing is performed against an imperfect model [25]. Current
literature defines this problem as model-bias [30]. This could
be a bottleneck deteriorating the performance of the policy,
creating a limitation on MBRL methods to perform worse
or converge to less optimal solutions than their model-free
counterparts [48], [20]. Table I summarises the primary pros
and cons of MBRL and MFRL.

A. Model-Free Dexterous Manipulation Approaches

Numerous proposals have been presented utilizing MFRL
for dexterous robotic manipulation tasks. Work has been

1Human Engineered solutions

explored in simulation [28], [40], [2] and real-world [16],
[50], [53], [18], with real-world performance trailing the
complexity of the simulated tasks.

The MFRL method presented in [40] uses a 9-DoF sim-
ulated robot (6-DoF for joints of an arm and 3-DoF for a
gripper) to pick up lego bricks and stack them vertically.
The authors solve the task in 10M transitions by extending
DDPG[28] and parallelising the learning process among mul-
tiple machines (16 simulated robots). Although impressive,
this work requires extensive training time across numerous
robot platforms and has only been conducted in simulation.

A real low-cost multi-fingered hand is presented in [53],
where MFRL is scaled up to learn a combination of ma-
nipulation tasks (rotating an object, box flipping and door
opening) using a low-dimension vector state representation.
Seven to 16 hours of constant training time is required to
solve the tasks. The work is impressive for having been
conducted in the real world; however, the training time is
relatively long given the low complexity of the tasks at hand
compared to similar work in simulation.

Attempts to bypass training in the real world by transfer-
ring from simulation to the real world have been attempted
[51], [2]. [2] presents a transfer learning technique where
a multi-finger robot hand is trained entirely in simulation
to solve an in-hand object reorientation task; the policy
is transferred later to the physical robot. Even when the
task was completed in both scenarios, the result indicates
that the simulation performed better than the real robot.
More than 50 hours and an expensive (16 GPU) setup were
required limiting the practicality of scaling this approach.
Furthermore, training in simulation may create a ”simulation
to reality gap” where the trained model does not perform
as well in real life as it does in simulation due to the
limitations in the complexity of the simulated environment
[22]. Without significantly more complex simulations, the
success of transferring learning is unlikely to resolve the
problem entirely.

Outside of the number of interactions required to learn the
tasks is the time that is required to reset the training process.
[17] propose a reset-free reinforcement learning algorithm
where failing one task starts training on the next. The
authors argue that the combinations of multi-task running
sequentially help to solve the tasks intrinsically and reduce
the time required to train in the process. More than 60 hours
of real-time was needed to reach a 70% success rate on four
separate but linked tasks. This reset method is clever, but
such linked reset conditions are not always feasible.

The proposals cited above show that learning policies
without modelling the robot system still dominate RL. In
other words, MFRL is still a prevalent option in robotics
applications because of its simplicity in implementation.
However, the sampling efficiency remains daunting. When
dealing with complex real-world physical systems in un-
structured environments, several MFRL algorithms could not
be used since they might be prohibitively costly or even
impracticable in terms of time and resource usage to acquire
data for policy training. Training a real robot to learn a task
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TABLE I: Model-Base versus Model-Free, advantages and disadvantages

MBRL MFRL

Advantages

• Small the number of necessary interactions
• Ability to generated new information from a specific task to learn a new

task
• Minimize the risk of damage and wear on the robot

• Easy and cheap implementation
• Does not explicitly require a model of the system

Disadvantages

• Model-bias (Heavy dependence on model accuracy)
• A perfect probabilistic model is infeasible to obtain.
• Computationally Expensive

• Large number of interactions needed
• High risk of damaging the robot
• Mostly useful only in simulated domains

with MFRL methods may require a large number of time
steps, the equivalent of several hours or days of training in
real-time [21], which is unsuitable for most applications.

B. Model-Based Dexterous Manipulation Approaches
MBRL approaches can be considerably more data efficient

[47] but have not yet been scaled up to the same complex
level as MFRL. Nevertheless, the related literature also
reveals applications using MBRL for dexterity applications.

[41] presents SOIL, an imitation learning proposal for
dexterous manipulation using a state-only method. A 24-DoF
multi-finger hand is simulated and trained to solve object
relocation, in-hand manipulation, door opening, and tool
use tasks. An inverse dynamic model is learned using self-
supervision and human demonstration experiences to infer
the action. The policy (NPG method) and the inverse model
are trained jointly. Even when a comparative analysis with
related proposals is presented, there is no evidence to show
if this proposal can be better (in terms of sample efficiency)
than the latest MFRL algorithms. Another MBRL approach
combining SAC and Model-Predictive Control (MPC) is
presented in [37]. The training process is divided into two
phases. First, the learning phase updates the policy along
with a dynamics model that predicts the next state. The
second stage finds the best actions employing the learned
model and imaginary trajectories generated by the MPC.
These two phases are trained individually. Two simulated-
only tasks (valve-turning and cube manipulation) are solved
and compared against state-of-the-art MFRL approaches; the
results indicate a slight superiority of this MBRL proposal.

Employing a real and a simulated pneumatically-actuated
24-DoF hand, an MBRL proposal is presented in [24].
The authors used a 100-dimensional continuous state space
(including the positions and velocities of the joints) with
local linear models to learn a time-varying linear-Gaussian
controller. The actions correspond to the pneumatic valve’s
input voltage. Two tasks are implemented; reaching a target
pose and manipulating a freely-moving cylindrical object
equipped with active infrared markers. The environment
reset, i.e. repositioning the cylinder, has to be manual. Not
much information about the training process, reward function
or comparative analysis in terms of data sample needed
is mentioned. Similarly, [35] presents a method using the
same 24-DoF Shadow Hand for rotating two spheres using
PDDM-MBRL. The goal is to rotate the two spheres around
the robot’s palm. This is a remarkably complex task since
two objects must share the same workspace without being

dropped. A parameterised gaussian distribution with deep
neural networks is used for dynamic model learning. The
authors solved this task without simulation or prior knowl-
edge after two hours of real-world training. The evaluation
is thorough and demonstrates improved performance over
MFRL and related MBRL methods; in some cases solving
tasks other approaches are unable to. However, the control
policy utilised Model Predictive Control and was not a
learned control policy [29]. This work demonstrates the
ability of MBRL to learn the dynamics of the real world and
is thus potentially suitable for use with MFRL approaches.

Even when the related literature shows an advance in the
MBRL area where complex tasks have been solved, most
of these have been in simulated environments or expensive
setups that are difficult to scale in terms of cost. There is also
a general lack of a direct analysis against MFRL proposals
with real robots.

III. CONTRIBUTIONS

The previous literary review is just a sample of the evo-
lution in dexterity in robotics using RL (see [23], [49], and
[19] for an in-depth overview), where the predominance of
MFRL in simulations is mainly evident. With few exceptions,
the majority of these implementations are unlikely to be
transferred to real-world scenarios due to the long training
cycles that MFRL demands and the sparse information avail-
able in the real world compared to simulated environments.
Concerning the implementation using real robots, the liter-
ature shows that results are promising; however, the use of
sophisticated multi-fingered robotic hands (often fragile and
expensive) coupled with complex video tracking systems and
data sensing issues still keeps dexterity manipulation with
RL at a laboratory level. Using RL to solve complex tasks
in real psychical systems is essential. The solution, however,
should be: inexpensive in terms of sample complexity, with
low-cost setups allowing easy replicability but robust enough
to work in non-laboratory conditions.

There is an evident disconnect between the challenges and
limitations solved in simulation versus in real-world dexterity
applications. MBRL has been studied and tested in multiple
applications in simulations and expensive environments and
has been presented as a possible solution to overcome
MFRL’s limitations. But are the current MBRL proposals
the solution that will help scale MFRL in the real world?
This article tries to answer this question by comparing the
state-of-the-art MFRL and MBRL under the same training
conditions using a low-cost open-source robot gripper.
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IV. METHODOLOGY

Our proposal could be seen as an extension of the original
Dyna algorithm presented in [47], where a dynamic model is
learned to generate new samples and update a policy using
RL methods. However, using this idea with MBRL is not
necessarily straightforward. Deep MBRL algorithms tend to
overfit and be particularly unstable during training if insuf-
ficient data samples exist. Likewise, the non-deterministic
essence of real-world scenarios makes it necessary to use
more suitable learning techniques to decrease model-bias is-
sues and have reliable predictive models of high-dimensional
real-world systems that traditional deterministic models may
struggle with.

Inspired by [20], [10] and [25], we present an MBRL
algorithm that uses an ensemble of probabilistic networks
to learn a predictive model. In this work, however, we
combine the ensemble of probabilistic neural networks with
a Mixture of Gaussian Distributions [8]. This simple but
effective combination helps to improve the model predictions
and generated better sample experiences overcoming the non-
deterministic nature of the real world, and maintaining model
uncertainty.

Figure 2 illustrates the structure of the model predic-
tion. A state and action pair (collected from the environ-
ment) is passed as input to an ensemble of probabilis-
tic neural networks. Each ensemble member outputs a set
of n parametrised Gaussian distributions defined by f =
(St+1|St, at) = N(µ(St, at), σ(St, at)). Then a Gaussian
mixture function is generated for each model. We average the
output of each mixture to generate a prediction. A negative
log-likelyhood is used as a loss function.

Our proposal shares multiple aspects already mentioned
in [20], [10]; we simplify these proposals in some aspects.
For instance, the authors in [20] implemented branched
rollouts with k-steps predictions. However, we believe this
may produce issues with the learning policy, especially in
initial states where the predictive model is not yet accurate.
Therefore, we use a single-step prediction. During the train-
ing phase, the policy model is trained on experiences from
the environment for the first w episodes (set to 10% of the
total episodes) and then from the experiences generated from
the predictive model. This helps the training, especially in
the early stages when the world model predictions are less
accurate.

Furthermore, related literature [10], [42] uses the pre-
dictive model for horizon planning and predictive control
strategies, whereas we use the predictive model for policy
learning using the data generated by the model. Algorithm
1 shows the methodology flow in this proposal. We employ
TD3 [14] as our policy update method. The value of each
hyperparameter, the source-code, hardware specifications,
and a video demonstrating the learning process can be found
here2

2https://cares.blogs.auckland.ac.nz/research/reinforcementlearning/mbrl/

Algorithm 1 Model-Based Reinforcement Algorithm

1: Require: Data-sets Denv, Dmodel, Initialize policy πϕ

and predictive model pθ
2: for T Episodes do
3: for H Steps do
4: Take action in Env according to initial policy πϕ

5: Add experience to Denv

6: for M Rollouts do
7: Sample St uniformly from Denv

8: Using πϕ and pθ generate single step rollouts
9: Add experience to Dmodel

10: end for
11: for G gradient updates do
12: if Episode ≤ w then
13: Update policy parameters on env data:
14: ϕ← ϕ−∇ϕJπ(ϕ,Denv)
15: else
16: Update policy parameters on model data:
17: ϕ← ϕ−∇ϕJπ(ϕ,Dmodel)
18: end if
19: end for
20: end for
21: end for

V. EXPERIMENTS

The dexterous tasks presented involve training the 4-DoF
robot gripper to manipulate a real object. Two tasks have
been devised to test RL control. The first task aims to
demonstrate the ability to translate an object (cube), while
the second task tries to demonstrate the ability to rotate an
object (valve).

The task is to learn to manipulate a cube to a given
point in a 2D area. The translation task is considered solved
if the gripper moves the cube to within 10 millimetres of
the goal point. The goal point is randomly chosen among
all possible values in a specified area that the robot can
physically reach (see Figure 3a). Considering the agent has
no previous knowledge of the task or the environment, this
task is challenging to solve with a real robot in a continuous
action space since the robot must learn to locate, hold, and
move the cube. After each time step, the cube is reset to an
initial position.

The second task requires turning a valve-like object (re-
sembling a gas valve) to an arbitrary target orientation (see
3b). This task is significantly demanding to learn since
it involves visual perception (valve’s current and desired
orientation) and physical coordination (where the robot must
learn to coordinate the two arms’ movements to avoid the
rotational movement’s cancellation). Also, a complex finger
gait is required to make continuous rotations but stop at
the desired angle. The desired location is changed randomly
for each episode, whereas the valve orientation is not reset.
This adds an extra level of complexity to the task since the
policy must learn to perceive the current valve orientation
and rotate it to any possible position between 0−360 degrees.
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Fig. 2: Deep Model-Based Reinforcement Learning algorithm that uses an ensemble of probabilistic networks to learn a
predictive model.

Previous related implementations rotate a valve to a set of
fixed positions [18]. The state-space representation for both
tasks is a 1D vector that includes the joint position, object
position, object orientation and desired goal location/angle.
The relative position of each joint, as well as the position
of the object, is determined by employing individual Aruco
markers and the low-cost webcam.

We use a continuous-action space representation where
the action space controls the joint angles. The action space
outputs a four-element vector with the desired position of
each servo. This representation allows all four servos to move
simultaneously at each time step. The action space has no
direct influence on the manipulated object. A dense reward
function is used for both tasks. The reward function is the
negative L2 − norm distance between the current cube’s
position and the goal point or the absolute difference between
the valve’s current location and the desired angle. If the task
is completed, an additional reward of +500 is added.

(a) Translation Task (b) Rotation Task

Fig. 3: Setup of the two robotic dexterous manipulation tasks

VI. RESULTS

One of the main problems with MBRL is the dependency
on the model. As mentioned above and based on the theory
that supports the idea of MBRL, the predictions have to
be reasonably precise. Table II and III show our results on
the model predictions of the state space representation. This
was measured using data samples outside of the training

TABLE II: World Model state accuracy for the translation
task (millimetres)

Element Real Value
Sample

Prediction
Value Sample

Average Error
on 100 predic-
tions

Joint 1
Finger 1

(14.13, 57.88) (13.95, 57.49) (0.02, 0.04)

Joint 1
Finger 2

(-47.71, 58.51) (-48.44, 58.92) (0.07, 0.1)

Joint 2
Finger 1

(49.64, 5.90) (48.79, 2.65) (0.97, 2.39)

Joint 2
Finger 2

(-84.37, 5.76) (-79.76, 6.28) (1.87, 0.75)

Fingertip
Finger1

(68.24, -6.23) (67.42, -5.02) (0.9. 1.45)

Fingertip
Finger2

(-88.63, -15.85) (-84.89, -13.85) (2.74, 1.85)

Cube Po-
sition

(18.26 -14.09) (18.01, -13.3) (1.07, 2.12)

set, gathered by running the algorithm through 100 random
steps of the task. The results show that the model is able to
accurately predict the next state for each task.

The average reward for the MFRL and MBRL approaches
during the learning process for the translation and rotation
tasks are shown in Figures 4 and 5 where the superiority of
MFRL against MBRL is evident. The expected improvement
in the training iterations is not evident in the training results.
MBRL follows a similar trend to the MFRL on the translation
task but diverges as training continues while failing to
improve the reward at all on the rotation task. The success
rate for each task is shown in TableIV and also shows that
the performance of MFRL exceeds the MBRL approach,
with the MBRL failing to even learn the rotation task. These
results are unexpected given the accuracy of the learn model
in Tables II and III.

VII. DISCUSSION

The results we have obtained demonstrate that MFRL is
capable of sufficiently learning the translation and rotation
task. The MFRL training is completed in approximately
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TABLE III: World Model state accuracy for the valve task
(millimetres)

Element Real Value
Sample

Prediction
Value Sample

Average Error
on 100 predic-
tions

Joint 1
Finger 1

(14.23, 58.43) (13.79, 56.12) (0.13, 0.09)

Joint 1
Finger 2

(-48.05, 59.03) (-48.23, 57.98) (0.15, 0.32)

Joint 2
Finger 1

(89.95, 15.37) (87.23, 12.78) (0.82, 1.23)

Joint 2
Finger 2

(-29.04, -12.36) (-30.97, -10.74) (1.25, 2.23)

Fingertip
Finger1

(45.26, 17.23) (44.45, 16.85 ) (1.98, 2.36)

Fingertip
Finger2

(56.21, 85.23) (56.01, 84.06) (2.87, 3.98)

Valve
Orienta-
tion

(-45.23◦) (-42.02◦) (3.41◦)

Fig. 4: Average return plotted against the number of episodes
for the translational task

five hours for the translation task and 20 hours for the
rotation task. However, the introduction of the MBRL to
provide artificial experiences to reduce training time has not
been observed even with results indicating an accurate world
model. The results presented by prior literature show a clear
superiority of MBRL against state-of-the-art MFRL methods;
the number of interactions, data samples and training time
is significantly reduced [10]. However, it is essential to
mention that the experiments are primarily developed in
simulated environments with optimal conditions, constant
data samples, and straightforward testing setups. Working in
real-world systems, factors such as noise in the input signals,
friction, vibrations, modifications in the control signals, wear
of mechanical parts, or even slight variations in the voltage
input, add challenges for MBRL to learn. Although work in
[35] demonstrated the ability to learn a model of a complex
real-world task, the control policy was not dependent on it
for any form of training.

Our opinion about the results we obtained is mainly
associated with the exploration stage. The exploration stage
plays a fundamental role in producing samples for the MFRL
algorithm to learn from and producing samples to train
the world model. If this stage is not broad enough and
does not cover a wide spectrum of experiences (including

Fig. 5: Average return plotted against the number of episodes
for the rotational task

TABLE IV: Success Rate of MBRL vs MFRL over 100
testing episodes

Task MFRL MBRL
Translational Task 99 71
Rotation Task 80 0

experiences that give high rewards), the MFRL approaches
will overfit to a subset of the problem space. The inaccuracies
in the data generated by the world model cause divergence
in the control policy. Similarly, the world model does not
become accurate and useful for producing experiences until
it has sufficiently explored the environment. This creates a
contradiction against the main idea behind MBRL, which is
to reduce the number of physical interactions during training.

The MBRL approach fails to learn the valve task while
still producing reasonable performance on the translation
task. Conceptually, the translation task will provide diverse
experiences through random exploration, indirectly pushing
the cube around. In contrast, it is unlikely the gripper through
random exploration will reliably rotate the valve to provide
a full range of experiences to learn from. This limitation in
experience degrades the overall performance of the MFRL
as the MBRL lacks sufficient data. Therefore it is important
to fnd better exploration methods or means of incorporating
world model data into the learning process.

VIII. CONCLUSIONS

MBRL has shown incredible results in recent literature,
and its capability to bring RL into the real world is promis-
ing; however, there is still a large gap to overcome for
transitioning to the real world. Our results indicate that
some current proposals may not be feasible for training
MBRL methods on real-world tasks as smoothly as MFRL.
Consequently, further developments must be included to
enable RL algorithms to solve more complex real-world
applications with adequate training time and the number of
data samples.
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