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Abstract: Sim-to-real transfer is attractive for robot learning, as it avoids the high
cost of collecting data with real robots, but transferring agents from simulation to
the real world is challenging. Previous studies have presented promising methods
to solve this problem, but they may fail when a wider range of dynamics has to
be considered. In this study, we propose a network architecture with explicit and
implicit dynamics parameters for sim-to-real transfer from multiple environments.
Using this method, we can estimate the dynamics of the real world and optimize
the action in various kinds of environments. The core novelty lies in the dynamics estimation and action optimization, as well as the use of explicit (physically
quantifiable) and implicit (latent) dynamics parameters to condition the network
input. We apply our method to the object pushing task and verify its effectiveness
by comparing it with previous methods and real-world experiments.
Keywords: Sim-to-Real Transfer, Multiple Environments, Robotic Manipulation
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Introduction

While learning-based approaches have shown promising performance on complex robotic tasks,
collecting the large amounts of training data they require with real robots is often prohibitive. As
training agents in simulation would significantly reduce the cost of data collection, the ”sim-to-real”
problem has become a focus of research.
A promising approach to bridge the gap between simulation and real world is domain randomization,
which randomizes parameters such as mass, friction, or appearance during training [1, 2, 3, 4, 5],
typically using recurrent neural networks to memorize and manipulate the differences in dynamics.
However, the previous works have generally been tested in few different environments, and their
scalability to multiple environments has been hardly investigated. Nachum et al. [6] indicated that
dealing with a wider range of randomization would make the optimal policy too conservative. This
results in poor performance, especially in multi-environment sim-to-real transfer.
In this study, we propose EXplicitly and Implicitly conditioned Network (EXI-Net) that can
capture different dynamics in the network’s input parameters so that multiple environments can be
represented. Our key idea is adding two groups of dynamics parameters obtained explicitly and
calculated implicitly to the network input (see Fig. 1). We call these parameters explicit dynamics
parameters (ones which are easily quantified physically, e.g. mass, friction or center of gravity
(CoG)) and implicit dynamics parameters (ones which are hard to quantify physically, e.g. object
shape, uneven ground, or other unmodeled effects). During training, we randomly sample these
parameters and directly add the explicit parameters to the network input while we learn the implicit
parameters in a latent space using the parametric biases [7] whose effectiveness was shown in other
robotic tasks [8, 9, 10]. For testing, we optimize the actions and estimate these dynamics parameters
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Figure 1: Overview of proposed method for multi-environment sim-to-real transfer. de and di
are explicit and implicit dynamics parameters, which are learned in a supervised and unsupervised
fashion respectively.

via online iterative forward and back propagation using the learned predictive model, which predicts
the next state from the current state and action. While most previous studies encoded the differences
of dynamics implicitly in the weights of recurrent neural networks, we propose conditioning the
network on these explicit and implicit dynamics parameters. This allows the model to express a
wider range of information of different dynamics parameters with a single network and without
degrading the scalability to manipulate in multiple environments.
Our main contributions for multi-environment sim-to-real transfer are summarized as follows: 1)
We propose EXI-Net: a deep neural network with two categories of dynamics parameters called
explicit and implicit dynamics parameters, and a formalized calculation process for both parameters. 2) We exploit the learned predictive model with explicit and implicit dynamics parameters to
perform online action optimization and dynamics estimation. The expressiveness of explicit and implicit dynamics parameters and their capability to memorize and estimate a wide range of dynamics
significantly improves the method’s performance in multi-environment sim-to-real transfer. 3) We
apply the proposed method to object pushing tasks in various dynamics conditions, and confirm that
our method outperforms other straightforward approaches with recurrent structures. Our method can
also be applied to various situations such as locomotion or assembly tasks, where a slight difference
in dynamics parameters can affect the behavior significantly.

2

Related Works

Sim-to-Real Transfer. Focusing on the gap in the system between simulation and real world, there
are many studies on system identification to close its gap. Ajay et al. used data augmentation to
identify the system [11]. TuneNet [12] dealt with the system identification by making use of oneshot residual tuning.
In contrast, there are various kinds of studies which focus on learning-based manipulation in the real
world making use of sim-to-real techniques. Domain adaptation [13], which achieves the adaptation
of the network among several domains, has been applied to a range of robotic manipulation tasks by
leveraging generative adversarial networks or data augmentation [14, 15, 16, 17, 18]. This method is
effective at adapting from simulation to the real world, but it requires real-world manipulation data
for training.
Domain randomization was also developed for robust manipulation without data in the real world
by using training data from randomized environmental simulation. Tobin et al. [1] proposed robust
multiple objects grasping with domain randomization by randomizing rendering. Dynamics randomization, which uses environments with randomized dynamics, was also developed [2, 3, 4, 5].
Recent methods also proposed how to deal with the uncertainty of parameters to be randomized
[19] or sample them efficiently [20]. As the wider range of randomization would make the policies
more conservative, Nachum et al. [6] presented a hierarchical sim-to-real transfer method, which
performed two step randomization on low-level and high-level policies. However, while these methods have used one or several domains during training, they have not investigated in-depth how they
perform in multiple domains In this study, we aim at multi-environment sim-to-real transfer and
propose network conditioning to handle the variety of dynamics by setting explicit and implicit
2

dynamics parameters directly as the input of the single network. Moreover, unlike the previous
methods using recurrent neural networks for domain randomization to encode the differences of dynamics implicitly, we propose explicit and implicit dynamics parameters conditioning for the better
expressiveness in multiple environments.
Pushing Manipulation. In this study, we tackle an object pushing task since it is a fundamental
manipulation task. This topic has been studied widely [21], and recently data-driven approaches as
well as a large amount of datasets have been studied and published [22, 23]. In data-driven approach,
some previous studies can deal with only one dynamics condition [4, 11, 24, 25]. To deal with the
variety of the object shape, other studies utilized visual information [26, 27, 28, 29] by changing the
object shape during training, typically with recurrent neural networks. However, previous studies
has not investigated a wide variety of dynamics, but focused mainly on different object shapes. We
aim to realize the object pushing task in a wide range of various dynamics such as mass, friction
coefficient, CoG position, and object shape by leveraging multi-environment sim-to-real without
vision.

3

Proposed Method

In this section, we introduce our proposed method as applied to the object pushing task which we
use to validate our method. This task is suitable for our problem setting as it includes a wide range
of explicit and implicit dynamics parameters. First, we present a system expression for the pushing
task, sim-to-real transfer, and how to optimize the action and estimate the dynamics.
3.1

State and Action for Object Pushing Task
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sim_o7

sim_o2

sim_o8

sim_o3
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sim_o4

sim_o5 sim_o6

sim_o10 sim_o11 sim_o12

(a) Object pushing action. Each red point shows a
pushing position, and each arrow a direction. The (b) Object shapes used in simulation.
object’s edge is parameterized from -1 to 1. CoG The upper row is for training and the
positions, described as a black and white circle, that lower row for testing.
lie outside of the object are ignored.
Figure 2: Detail of pushing action and objects.
We define the state and action in a similar manner as previous studies [25]. The state is represented
as an object pose in a two-dimensional plane, and the action as a pushing position and a direction.
The pushing position is a number between -1 to 1, which describes a position on the parameterized
object’s edge, and the pushing direction is the angle from the edge normal, which lies from − π4 to
π
4 . A red arrow represents examples of the action in Fig. 2 (a).
3.2

Network Structure Conditioned by Explicit/Implicit Dynamics Parameters

In this study, we propose a learning-based method conditioned by dynamics parameters which is
based on a deep predictive model [26, 30, 31, 32]. We designed a network to represent the predictive
model of manipulation, which means the network input is the current state and action, and the output
is the next state. Let st and at be the state and action at time step t, then the network of the predictive
model f is formulated as:
st+1 = f (st , at ).
(1)
We extend this predictive model by two types of dynamics parameters which condition the network
input. Explicit dynamics parameters represent physical quantities such as object mass, the object’s
CoG or friction coefficients. Implicit dynamics parameters are other physical parameters that affect
the dynamics but are difficult to quantify or model, such as the object shape. During training,
3

explicit dynamics parameters are given explicitly (”embedded supervised”), while implicit dynamics
parameters are learned from the system dynamics (”embedded unsupervised”) using the idea of
parametric biases [7], which is explained in Sec. 3.4. Let de and di be explicit and implicit dynamics
parameters, then the network is formulated as follows:
st+1 = f (st , at , de , di ).
(2)
3.3

Sim-to-Real Transfer

We train the predictive model conditioned by explicit and implicit dynamics parameters in various
dynamics conditions. We first collect the dataset in simulation by changing explicit dynamics parameters within the range from minimum to maximum with the step size at regular intervals described
in Table 1. The CoG is represented in the coordinate system shown in Fig. 2 (a). Apart from the
explicit dynamics parameters, we also change the object shape. We prepare six objects from sim o1
to sim o6 for training in the simulation shown in Fig. 2 (b).
Table 1: The range of the four explicit dynamics parameters in simulation
Minimum
Maximum
Step Size

Mass [kg]
0.1
1.0
0.3

Friction coefficient
0.1
1.0
0.3

CoGx
-0.5
0.5
0.5

CoGy
-0.3
0.3
0.6

It is not important to obtain the ”true” values of the dynamics parameters while testing (= executing)
in the real world. In fact, we expect the dynamics parameters of the predictive model trained in
simulation to differ from the real world. What is important is that the training data contains a range
of experiences to which the data obtained in the real world can be correlated. By estimating the
dynamics parameters during execution in the real world, our system can close the gap quickly. This
is also discussed in Sec. 5 with the experimental data.
3.4

Action Optimization and Dynamics Estimation

Some previous studies also used deep predictive models [32] to optimize the actions continuously
using iterative forward propagation and back propagation. In this study, we extend this calculation
method to not only action optimization but also dynamics estimation. The action optimization and
dynamics estimation could be calculated together in the same gradient-based way. Meanwhile, we
calculate them separately to make the optimization convergence easier by the lower dimensionality
of the variables. To perform action optimization, we want to calculate the action which causes the
next state to be closest to the goal state. We can formulate this optimization problem as follows:
pred
aopt
= argmin J(sgoal
(3a)
t
t+1 , st+1 ),
at

1 goal
pred
pred 2
J(sgoal
(3b)
t+1 , st+1 ) = kst+1 − st+1 k ,
2
where J is the cost function to obtain the optimal action aopt , and spred and sgoal are the predicted
and goal states, respectively. This is a nonlinear optimization problem, which requires a prohibitive
amount of time to solve exactly. Therefore, we solve this problem approximately, by using sequential
optimization with an update rate a as follows:
pred
(4a)
ga = ∂J(sgoal
t+1 , st+1 )/∂at ,
at ← at − a ga /kga k2 ,

(4b)

pred
where k∗k2 represents the L2 norm. ∂J(sgoal
t+1 , st+1 )/∂at can be calculated by back propagation of
goal pred
the network with the loss J(st+1 , st+1 ). The calculation process of forward propagation to predict
spred
t+1 and the update of the action with the gradient of the cost function utilizing back propagation
in Eq. (4) is repeated several times for convergence of the action. As for dynamics estimation, if
d = (dTe dTi )T , we can calculate it in the same way as the action optimization with an update rate
d as follows:
pred
gd = ∂J(sobs
τ +1 , sτ +1 )/∂d,

d ← d − d gd /kgd k2 ,
4

(5a)
(5b)

where sobs is the past information of Algorithm 1 Calculation of Action and Dynamics
pushing, which was observed in the cursobs
← observe
t
rent environment and stored. In Algoobs
Store
(sobs
t , st−1 , at−1 ) in L
rithm. 1, we describe the algorithm for
a
for
k
=
1,
2,
.
. . , Nupdate
do
action optimization and dynamics estipred
obs
st+1 ← f (st , at , de , di )
mation which is executed every cycle,
pred
where L represents a buffer to store the
. Eq. 4
at ← UPDATE ACTION(sgoal
t+1 , st+1 , at )
dataset of (st , st−1 , at−1 ) for the cur- end for
a
d
rent environment. We set both Nupdate
for k = 1, 2, . . . , Nupdate
do
d
obs
and Nupdate to 100, and finally arrive
Sample (sobs
,
s
,
a
τ ) from L
τ
τ +1
pred
at the optimized action at and the estiobs
sτ +1 ← f (sτ , aτ , de , di )
mated dynamics d, then command at to
pred
d ← UPDATE DYNAMICS(sobs
τ +1 , sτ +1 , d) . Eq. 5
the robot.
end for

4

Experiments

The general formulation of the predictive model is shown in Eq. (2). In our case, we can simplify the
equation since we can always move our reference frame to the center of the object. Consequently,
the state does not affect the prediction of the model and can be omitted from the equation, so that
the predictive model is expressed as follows:
∆st+1 = f (at , de , di ),
(6a)
∆st+1 , st+1 − st .
(6b)
To verify the effectiveness of explicit and implicit dynamics parameters, we conducted comparative
experiments with six types of methods: 1) a direct model that outputs the action directly from the
difference between the next and current state as in Eq. (7), 2) EXI-net without explicit and implicit
dynamics parameters, 3) EXI-net without explicit dynamics parameters, 4) EXI-net without explicit
and implicit dynamics parameters and with memory using the recurrent structure, 5) EXI-net with
memory using the recurrent structure and 6) EXI-net. We refer to these methods as Direct, EXI w/o
de , di , EXI w/o de , EXI w/o de , di w/ mem., EXI w/ mem., EXI respectively.
at = f (∆st , de , di )
(7)
The network representing the predictive model consisted of three hidden layers of 100 fully connected units with ReLU activations. The explicit dynamics parameters had four dimensions (mass,
friction coefficient, and the CoG position). The implicit dynamics parameters had five dimensions
for EXI and nine for EXI w/o de (to replace the four missing explicit parameters). The recurrent
structure was implemented with 100 LSTM [33] units. We implemented these networks using the
deep learning library PyTorch [34]. The loss function was the mean squared error, and we trained
each network for 100 epochs with batch size 128 using the ADAM optimizer [35].
4.1

Data Preparation and Training

We used Gazebo [36] as the simulator, and a Franka Emika Panda robot for both simulation and real
world experiments. To generate a dataset, we discretized the possible push positions and directions
and performed pushing. The pushing position on the object edge was parameterized from -1 to 1, so
the discretized push positions ranged from -1 to 1 with a step of 0.2, and the pushing direction from
− π4 to π4 with a step of π8 . Using Gazebo, we generated datasets in the various dynamics conditions
described in Sec. 3.3. The total number of explicit dynamics parameters including mass, friction
coefficient and the CoG position for each six objects for training was 120, 120, 80, 60, 60, and
120, respectively, considering the restriction of the CoG position shown in Fig. 2 (a). To learn the
parametric biases representing the implicit dynamics parameters, we trained a different set of biases
for each object shape, as we expected the implicit parameters to express the object shape.
4.2

Pushing Objects in Simulation

To verify the trained predictive model, we first tested pushing objects in simulation. We put the
objects in front of the robot in Gazebo. The goal state, (a goal object pose (∆x, ∆y, ∆θ)), was
5
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Figure 3: Experiments of pushing objects
sampled randomly from U (0.1m, 0.3m), U (−0.2m, 0.2m), U (−60◦ , 60◦ ) respectively. The robot
pushed the object by optimizing the pushing action and estimating explicit and implicit dynamics
parameters using the predictive model. After pushing the object from the initial object pose to the
goal, we calculated the error of the object pose between the goal and current object pose. Each
trial was considered successful if it brought the object within 2 cm of the goal position and 5◦ of
the goal orientation in at most 15 steps. We used twelve objects designated as sim o1 to sim o12,
the first 6 objects of which were used for training, shown in Fig. 2 (b). For each test object, we
conducted 100 trials by changing the mass, friction coefficient and CoG position randomly within
the maximum and minimum values shown in Table 1. We summarized the average success rate, the
number of steps and the error of estimated explicit dynamics parameters when estimated for each
object in Table 2. We calculated the mean absolute error between the estimated and true explicit
dynamics parameters, and normalized it by the minimum and maximum values. From this result, in
most cases we observed that EXI and EXI w/ mem. performed favorably compared to other methods
including EXI w/o de ,di w/ mem. typically used in previous studies.
Table 2: Test in simulation (Success rate / Steps / Error of explicit dynamics parameters).

4.3

object

Direct

EXI w/o de , di

EXI w/o de

EXI w/o de , di w/ mem.

EXI w/ mem.

EXI

sim o1

0.51 / 13.7 / -

0.41 / 13.0 / -

1.00 / 9.4 / -

0.83 / 12.2 / -

1.0 / 6.2 / 0.21

1.0 / 6.7 / 0.14

sim o2

0.34 / 13.6 / -

0.54 / 14.3/ -

0.94 / 8.8 / -

0.82 / 12.3 / -

1.0 / 6.8 / 0.15

1.0 / 7.3 / 0.21

sim o3

0.40 / 14.3 / -

0.55 / 13.8 / -

0.86 / 9.3 / -

0.88 / 13.4 / -

1.0 / 9.1 / 0.13

1.0 / 7.2 / 0.11

sim o4

0.41 / 13.8 / -

0.61 / 12.1 / -

1.00 / 8.9 / -

0.79 / 13.1 / -

1.0 / 8.8 / 0.17

1.0 / 8.4 / 0.28

sim o5

0.54 / 13.9 / -

0.73 / 13.2 / -

0.78 / 10.0 / -

0.93 / 13.3 / -

1.0 / 6.3 / 0.24

1.0 / 6.1 / 0.10

sim o6

0.33 / 12.4 / -

0.52 / 12.6 / -

0.88 / 10.3 / -

0.72 / 12.7 / -

1.0 / 6.4 / 0.19

1.0 / 4.5 / 0.23

sim o7

0.39 / 13.2 / -

0.53 / 13.8 / -

0.91 / 10.2 / -

0.78 / 12.0 / -

1.0 / 7.8 / 0.14

1.0 / 8.1 / 0.09

sim o8

0.47 / 13.5 / -

0.48 / 14.2 / -

1.00 / 7.6 / -

0.86 / 11.4 / -

1.0 / 6.9 / 0.16

1.0 / 7.8 / 0.17

sim o9

0.39 / 12.6 / -

0.50 / 12.4 / -

0.90 / 8.1 / -

0.75 / 10.3 / -

1.0 / 8.9 / 0.22

1.0 / 8.1 / 0.09

sim o10

0.51 / 14.1 / -

0.51 / 13.5 / -

0.83 / 9.0 / -

0.83 / 13.7 / -

1.0 / 9.1 / 0.12

1.0 / 7.5 / 0.15

sim o11

0.38 / 13.6 / -

0.68 / 13.9 / -

0.79 / 11.9 / -

0.71 / 10.8 / -

1.0 / 7.2 / 0.08

1.0 / 8.8 / 0.11

sim o12

0.42 / 13.4 / -

0.58 / 14.3 / -

0.77 / 13.6 / -

0.65 / 12.9 / -

1.0 / 8.5/ 0.13

1.0 / 8.3 / 0.09

Pushing Objects in Real World

To verify the effectiveness of the proposed method for multi-environment sim-to-real transfer, we
conducted two types of experiments with the real robot shown in Fig. 3 (c). We compared the
proposed method with EXI w/ true de , EXI w/o de , di w/ mem. and EXI w/ mem.. EXI w/ true de
was performed with explicit and implicit dynamics parameters, but the explicit dynamics parameters
were not estimated in real time but measured physically before pushing. We used a motion-capture
system to obtain the object pose using six motion-capture cameras and three markers on the object
shown in Fig. 3 (b).
By assembling pieces of steel and aluminium (which have different density), we create square
(real o1) and rectangular (real o2) objects with differing masses and CoGs as shown in Fig. 4 (a).
As we could easily determine the dynamics parameters for these objects as well as the metal discs
(real o3), we classify them as ”regularly shaped” objects. To change the friction parameters, we
attached rubber, plastic or nothing to the objects’ underside, so that we obtained twelve different
6

Shape, Mass, CoG

Pieces

Friction
Rubber

Aluminum

Steel

261g

758g

413g

521g

639g

771g

real_o1

1113g

973g

real_o2

334g

936g

Metal

real_o4

real_o5

real_o6

real_o7

Plastic

real_o3

(b) Daily objects

(a) Regularly shaped objects

Figure 4: Detail of objects used in real world. Blue and red figures describe pieces made of aluminum and steel respectively.
sets of dynamics parameters for shaped and for rectangular objects, and six for circular objects. The
condition of the goal state and the success condition was the same as in the simulation experiments.
For each object and dynamics parameter, we conducted five trials. We summarized the average success rate, the number of steps, and the error of the estimated explicit dynamics parameters when
estimated for each object in Table 3.
Second, we prepared four daily life objects: a triangular plastic box, a metal case, a wound-up
LAN cable, and a stapler, (real o4 to real o7) as shown in Fig. 4 (b). These experiments show
that the proposed method can be applied to novel objects. By approximating these objects to a
rectangle, triangle, or circle, we could discretize the object edge. In these experiments, we extended
the proposed method to all the edges of the object to push toward any goal pose. We sampled the
goal object pose (∆x, ∆y, ∆θ) randomly from U (−0.2m, 0.2m), U (−0.2m, 0.2m), U (−90◦ , 90◦ )
respectively, which was a wider range of possible goals, resulting in a general pushing problem. The
success evaluation was the same as the experiments in the simulation. For each object, we conducted
ten trials and summarized the results in Table 3. From the results of both experiments, in all cases
we observed that EXI and EXI w/ mem. showed the best performance.
Table 3: Test in real world (Success rate / Steps / Error of explicit dynamics parameters).

5

object

EXI w/ true de

EXI w/o de , di w/ mem.

EXI w/ mem.

real o1

0.89 / 11.3 / 0.00

0.72 / 12.8 / -

0.99 / 7.2 / 0.39

1.0 / 8.3 / 0.52

real o2

0.95 / 13.2 / 0.00

0.69 / 13.1 / -

1.0 / 6.8 / 0.41

0.98 / 6.2 / 0.33

real o3

0.98 / 10.8 / 0.00

0.92 / 13.4 / -

1.0 / 8.1 / 0.28

1.0 / 7.9 / 0.38

real o4

-/-/-

0.5 / 13.8 / -

1.0 / 7.9 / -

1.0 / 7.0 / -

real o5

-/-/-

0.6 / 14.5 / -

1.0 / 9.3 / -

0.9 / 9.5 / -

real o6

-/-/-

0.5 / 13.3 / -

1.0 / 7.2 / -

1.0 / 7.2 / -

real o7

-/-/-

0.5 / 13.6 / -

0.9 / 10.9 / -

1.0 / 6.8 / -

EXI

Discussion

In this study, we considered a variety of dynamics by adding explicit and implicit dynamics parameters to the network input, although most previous studies [4, 5, 26] considered it using the recurrent
structure. By comparing EXI w/o de , di w/ mem. and EXI in Table 2 or Table 3, we can see that
adding explicit and implicit dynamics parameters to the network input outperformed recurrent neural networks in this case. In addition, the performance of EXI w/o mem. and EXI was very similar.
In summary, our method performed better than a recurrent network without dynamics parameters,
and adding the recurrent structure to our method had little positive impact on performance.
During training, we randomly separated the dataset of each shape into three sub-datasets to acquire
three parametric biases for each shape and checked that implicit dynamics parameters could learn
the feature of the object shape well. To visualize the representation of implicit dynamics parameters,
we decomposed them into two-dimensional space by applying principal component analysis (PCA);
the results are shown in Fig. 5 (a). Besides, we show one example of the placement of parametric
biases estimated by EXI for each object in the experiments in Fig. 5 (b) (c). The parametric biases
were grouped closely together when training with the same object shape, and clustered in different regions for different shapes, implying that the biases indeed implicitly represent different object
7
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(a) When training.

(b) When testing in simulation. (c) When testing in real world.

Figure 5: Parametric biases after PCA transformation (first two components plotted)
shapes. When we tested an object shape that was not contained in the training dataset, parametric
biases also converged to a certain feature. One can see in Fig. 5 (b) (c) that the results for sim o7,
sim o1 and sim o2, as well as for sim o3 and sim o9 show particularly good congruence. Similarly,
the implicit dynamics parameters of real o3 and sim o6 are close and the real-world test succeeded
in all trials of this object. The overall performance in the real-world experiments imply that implicit
dynamics parameters were able to composite object shape information without the visual information commonly used in previous studies [26, 27, 28, 29].
Furthermore, we can see the effect of explicit dynamics parameters, which were not used in previous
studies [8, 9, 10], by comparing EXI w/o de and EXI in Table 2. The results show that separating
dynamics parameters into explicit and implict dynamics parameters in the network has a large effect
on the method’s performance. The reason is most likely that learning parametric biases (implicit
dynamics parameters) from scratch is more difficult for higher numbers of parameters. The explicit
parameters could relax the learning parameter problem by separating the parameters that can be
given as apriori knowledge (explicit) and those that need to be learned (implicit).
In simulation, we estimated explicit dynamics parameters mostly correctly as shown in Table 2. By
contrast, in the real world, most of the estimated explicit dynamics parameters were far from the
true values. This is because of the gap between simulation and real world. However, as shown by
the results for EXI w/ true de and EXI in Table 3, the estimated dynamics parameters do not need
to match the true values for good performance, as we can still leverage the experiences made in
simulation. In fact, when we used the measured values for the explicit dynamics parameters in the
real world, the robot performed worse than with the estimated parameters. Indeed, this is the core
feature of our method: using parameters that represent knowledge about the world, changing the
parameters in a wide range during training, and estimating the parameters online to allow the system
to adjust to the real world. In this way, our system achieved multi-environment sim-to-real transfer.
The reason that the dynamics parameters have such a profound effect is that our method learns
coherent responses under a variety of dynamics. In a sense, the network learns the behavior of
different ”versions” of the world, and estimating the dynamics parameters online ”shifts” the current
world to a version it has experienced before, so its simulated experiences still apply.
We proposed the concept of conditioning the predictive model with explicit and implicit dynamics parameters for multi-environment sim-to-real transfer, and applied it to a supervised-learning
method. Since we simply extend the predictive model, this can be applied to other methods that
use a predictive model, e.g. model-based reinforcement learning. This concept will enable those
learning-based approaches to explore in multiple environments and accelerate the spread of those
researches in various robotic tasks, which is part of our future work.
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Conclusion

In this study, we proposed a method for multi-environment sim-to-real transfer by separating dynamics into explicit and implicit dynamics parameters, and optimizing the action and estimating
dynamics parameters. We demonstrated that our method outperforms state-of-the-art methods in an
object pushing task. Explicit and implicit dynamics parameters were proven to bridge the gap between simulation and real world more precisely in various dynamics conditions than other methods,
such as recurrent neural networks.
8
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