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Abstract—The main difficulty of sim-to-real is the reality gap
between the source domain and the target domain. In order to
solve it, various methods where domain randomization is the
mainstream have been emerged, whose essence is to make the
single policy more robust. In contrast, we propose a novel transfer
method, namely two-policy cooperative transfer, whose core is
that one policy (task policy) is used to complete the task and
another policy (gap policy) aims to assist the former to cover
the gap, hence we can focus on the training of task and the
overcoming of gap respectively. Based on this method, the setting
of the learning objective of gap policy depends on the transfer
situation of deploying task policy into real system, besides how to
conduct the cooperation of the both lies in the threshold reflecting
gap and the coupling of output actions of two policies. For the
typical contact-rich gap in the dynamics field, we design an
adaptive object pushing experiment based on UR3 robot, and
verify the effectiveness of the proposed method.
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I. INTRODUCTION

In recent years, robot control based on reinforcement learn-
ing has gradually become an important direction in artificial
intelligence field [1]. Its essence lies in training a policy
achieving the maximum expected reward to complete the task
through trial and error of large data samples [2]. Up to now,
almost of all policy training is completed in virtual simulation,
while direct training in the real robot system is faced with a
series of problems of high cost, high risk and low efficiency
[3]. Therefore, how to guarantee the effect of deploying the
policy obtained via simulation training to the real system
(sim-to-real transfer), specifically eliminating the impact of
reality gap [4] between simulation and reality, has increasingly
become a hot topic attracting wide attentions.

The difference between the simulated source domain and
the real target domain leads to the gap [4, 5], which further
render the application effect of the policy transferred into the
real system is far less likely than that of the simulation. For this
issue, some research advances have also emerged gradually,
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among which the more representative one is domain random-
ization (DR) [5], which was initially applied to cover sim-to-
real gap in visual images, and later related studies employed
this idea to narrow the gap in the field of dynamics [3, 6]. In
this paper, our research focuses on the gap in dynamics, and
a typical application scenario is the contact-rich [7] transfer
experiment, in which the properties of the experimental object
are difficult to accurately simulate.

In the initial phase of this research, we evaluated the
performance of DR for gap bridging in dynamics, and found
that it was effective but still seemed to fall short of the desired
results. Additionally, some recent literature [8, 9] have raised
doubts about DR. After more investigations, such as [3, 6, 10–
12], we find that these methods including DR are basically
single policy transfer, hence, the policy inevitably requires the
two abilities at the same time, that is, completing the task and
overcoming the gap. For now, there is no theoretical support
for the coupling training of the two abilities to ensure that each
ability can meet the established requirements. Meanwhile,
the training complexity will also increase significantly [12].
Therefore, we tentatively propose a two-policy training mode,
one policy is focused on the acquisition of task skills (task
policy), another policy is focused on how to make up the gap
(gap policy). The two policies will be deployed to the real
system simultaneously, if there is no gap effect temporarily,
the task policy will be executed; otherwise, the coupling action
of the output actions of the two policies will be executed to
eliminate the gap and continue the task at the same time. We
define it as two-policy cooperative transfer.

For the proposed method, the setting of learning objectives
of the gap policy depends on the transfer situation of deploying
task policy into real system, that is, the pre-transfer of task
policy. Although this method needs to train two policies, it can
make more timely and reasonable adjustments to the impact of
gap, so as to distinctly improve the effectiveness and success
rate of sim-to-real transfer.

The main contributions in this paper are as follows: (1) We
propose two-policy cooperative transfer to make up for the
impact of gap. (2) Based on our method, we can focus on
the training of task and the overcoming of gap respectively.
(3) Experimental results show that the proposed method has
a satisfactory covering effect for the contact-rich dynamic
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gap, and is significantly better than the domain randomization
method.

II. RELATED WORK

Sim2real transfer has gradually become a topic of
widespread concern, and the main difficulty is how to bridge
the gap. For this issue, there have been a lot of research
progress, which can be roughly divided into three cate-
gories [13]: system identification, domain adaptation, and
domain randomization (DR).

The purpose of system identification is to accurately obtain
the corresponding simulation model through the identification
of real system and objects, so as to minimize the differences
between simulation and reality. Hwangbo et al [14] trained
the deep network model to conduct the mapping from motor
instructions to torque based on the data of the actual system,
and the transfer of walking and running on the quadruped
robot is realized.

Domain adaptation is originated from computer vision,
which aims to study how the visual-based model trained
by the source domain adapts to the target domain that has
never been encountered. The idea is also used to solve reality
gap. Christiano et al [10] trained the inverse dynamics model
through the data of the actual system to make the simulation
model closer to the actual system, thus improving the transfer
effect of the policy.

DR aims to experience various simulation environments as
much as possible in the simulation training process (such
as all kinds of simulation images, simulation objects with
various dynamic characteristics in a certain range, etc), and
try to include the approximate actual situation in them, so as
to achieve a strong robust policy. Sadeghi et al [11] trained
the visual-based quadrotor control policy by using random
composite rendering scenes. In the paper [5], the authors used
various images to train the policy for realizing the grasping
task of the robot.

In order to solve the gap of dynamics, Andrychowicz et
al [12] trained the policy of controlling object rotation by ran-
domly setting physical parameters such as friction and delay,
and transfer it to the Baxter robot without additional fine-
tuning. In the paper [6], the authors explored how to reduce
the parameter space of DR to improve training efficiency. In
view of how to solve the dynamics gap effectively, Valassakis
et al [9] comprehensively evaluated several main methods at
the present stage, expressing that the result of DR is not
ideal enough. The paper [8] also raised doubts about domain
randomization.

III. METHOD

For now, the policy transfer from simulation to reality
is basically the transfer of a single policy. In view of the
gap reflected in the transfer procedure, most of scientists are
devoted to the research on how to make the single policy more
robust and more generalized, so as to cover the gap. In contrary
to this idea, we propose a concept which is the two-policy
cooperative transfer, specifically meaning the cooperation of

Fig. 1. The main logical framework of the two-policy cooperative transfer

task policy and gap policy, with the former focusing on task
skills and the latter focusing on overcoming gap. Further, we
clarify the method about how to train the two policies and
transfer them to the real system cooperatively. Figure 1 shows
the main logical framework of our proposed method, and more
details are illustrated in Figure 2.

A. Task Policy

In order to make the agent possess a certain skill or be
able to complete a certain task, the relevant algorithm of
reinforcement learning is used to train a policy that is inputted
environmental states and output the actions, so as to realize
the maximum reward return J(θ) = Eθ[

∑∞
t=1γ

trt]. We define
this kind of policy as task policy πTθ(aTt | st), and its action
is further defined as aTt. T is the symbol representing task.
The training of task policy is the same as the policy training of
reinforcement learning in general sense. It is not be expanded
here. For more details, refer to the relevant literature [3, 5].

For the training of task policy, we do not take consideration
into narrowing the gap. Therefore, in the training process, we
only focus on whether the policy can acquire the required task
capability.

B. Gap Policy

In this section, we illustrate how to train a specific policy
for the gap, namely gap policy πGθ(aGt | st). First, we hold
the opinion that it is sufficient for task policy if its test results
perform well in simulation. Further, we regard the state of
task policy at each step in the simulation test as the reference
state, and the deviation state obtained when the task policy
is deployed into the actual system as the gap state. Based on
these two different classes of states and possible modification
actions, new learning objective are designed to train gap policy.
G is the symbol representing gap.

After the task policy πTθ(aTt | st) is obtained through
training under simulation, it is first tested in simulation, and
the state st of the experimental object in each step is recorded
and collected as a state reference set straj :

straj = (s1, s2, s3, ...sk, ...sn) (1)
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Fig. 2. The solid lines represent how to acquire the prior knowledge about designing the learning objective of gap policy through the task policy pre-transfer,
and then train it in simulation. The dotted lines represent the operation logic and action selection of the two-policy cooperative transfer. The solid lines of
robot and object are collinear with the dotted lines

Then the task policy is transferred to the actual system, and
the state s′t of the actual object is recorded at each step to
obtain the actual state set s′traj :

s′traj = (s′1, s
′
2, s
′
3, ...s

′
k, ...s

′
n) (2)

And we can get the set of deviations etraj between straj and
s′traj , as:

etraj = (e1, e2, e3, ...ek, ...en) (3)

Each deviation et is compared with the threshold c in chrono-
logical order. Based on experience, we set the threshold
c at ±5% of the corresponding reference state. The first
deviation exceeding the threshold is set as ec. And then the
simulation state and the actual state at the corresponding time
is respectively set as sc, s′c. The reason for adopting the first
deviation is that it is most timely to make adjustments to
overcome the impact of gap at this moment. Otherwise, the
accumulation of errors will become larger, and the difficulty
of adjustment will increase significantly. Due to the influence
of the gap, each actual trajectory is likely to be different,
assuming that k practical experiments are carried out, the state-
deviation trajectory τes can be obtained, as:

τes = (ec1, sc1, s
′
c1, ...eck, sck, s

′
ck) (4)

The three elements with the same subscript in τes are classified
as one class, and the class h is arbitrarily taken out of it, with
time t. Suppose there is an action aMt, render that:

ŝ′ch ∼ PR(ŝ′ch | s′ch, aMt) (5)

0 ≤ ŝ′ch − sch < ech (6)

After the execution of the action aMt, the updated state
ŝ′ch is obtained from the actual system transition probability
distribution PR, which is closer to the simulation state sch,
so as to realize the state modification of the object. Actions
aMt can be designed with reference to specific system and

task, and symbol R and M represents reality and modification
respectively.

Thus, we get two important prior knowledge of the training
setting of gap policy πGθ(aGt | st): preliminarily reflecting
various states s′ch of the gap, and each action aMt to mod-
ify these states. Further exclude possibly similar states and
actions, retain representative ones (S′ch, AMt), and construct
corresponding learning objective based on them. After train-
ing, the gap action aGt should be equivalent to the modified
action aMt. The corresponding logic is shown as the solid lines
in Figure 2, and the setting of simulation training environment
refers to the training situation of task policy.

C. Two-Policy Cooperative Transfer

Task policy πTθ(aTt | st) and gap policy πGθ(aGt | st)
are transferred into the real system to overcome the gap and
complete the task. In this process, when the state of the
experimental object does not reach the threshold c, we deem to
that the gap does not appear at the moment, and the task action
aTt given by the task policy can be performed continually.
When the threshold c is reached, the gap appears, then the
gap action aGt given by the gap policy is coupled with the
task action aTt to obtain the coupled action aCt, which is
executed to modify the object state and make it drop below
the threshold c.

The coupling of actions can be simply expressed as:

aCt = aTt ⊕ aGt (7)

In certain situation it might be adding vectors. The logic of
coupled actions execution is shown in Figure 2 with the dotted
lines.

IV. EXPERIMENTS

We set up a simulated and realistic UR3 robot object push-
ing experimental platform respectively, as figure 3 (a)(b), then
conduct policy training through the former and policy transfer
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(a) (b) (c) (d)

Fig. 3. The simulation (a) and real experiment platform (b) for UR3 robot
object pushing, besides the box loaded 1000g iron block into the upper part
of the center (c) and the lower part of the center (d) respectively

(a) (b) (c) (d)

Fig. 4. The experiment process of object pushing by UR3

through the latter. Furthermore, we illustrate the experimental
process based on the proposed method, also compare and
evaluate it with domain randomization.

A. Experimental Setup

Virtual simulation: Our simulation environment is com-
posed of Mujoco physics engine [15] and OpenAI Gym
library [16]. We use a UR3 robot equipped with two-finger
gripper at the end, which will be closed during the experiment
to push the experimental object. The simulation step size is
0.002s, and each episode contains 50 steps. The output of
the policy is the Cartesian coordinate at which the end of the
robot gripper should reach. The input of the policy includes the
Cartesian position coordinates of the end of the robot gripper,
target position and the position attitude of the object.

Real system: The system communication is set up through
the robot operating system (ROS). The Kinect2 camera is to
get the target pose and position attitude of the experimental
object, and UR3 robot is equipped Robotiq two-finger gripper
with closed state. The end of the robot gripper is set perpen-
dicular to the motion plane and the height is fixed to ensure
that the end can avoid bumping.

The experimental object and process in reality: The
object used in our experiment is a box with QR code, being
(0.15m ∗ 0.15m ∗ 0.15m) and 60g. For comparison, we
further load 1000g iron block into the non-geometric center
position of the box, such as the upper part of the center and
the lower part of the center, shown as Figure 3 (c)(d), to
significantly increase and change the whole box mass, friction
force and center of gravity position. We set the mark of the
success of the experiment as that the distance between the
box and the target pose is less than 0.02m, meanwhile the
deflection angle is not more than 5◦. The initial position
of object is (x, y) = (0.36m, 0.15m), and the target point
is (x, y) = (0.11m, 0.40m). The object pushing experiment
process is shown as Figure 4.

Fig. 5. The reference trajectory and fitting line of the pushed object in the
simulation test

(a) (b)

Fig. 6. (a) and (b) illustrate the two types of deflection

B. The Application of Proposed Method

Task policy: For the task policy training of UR3 robot
object pushing experiment, the corresponding simulation en-
vironment is designed as described in 4.1 section. The rein-
forcement learning algorithm used in training is SAC [17],
combined with the use of HER [18]. The neural network
Settings and hyperparameters of the algorithm program are
set using the corresponding default Settings in the Stable-
baselines library [19]. For the design of the reward function,
we take the distance function between the object and the target
position, as:

r(st, at) = −dt/d0 (8)

Where, dt and d0 represents the distance of the current
moment and the initial moment respectively. Additionally, we
fixed the initial position and target position of the experiment
to reduce the training difficulty and generalization ability of
the task policy, so as to highlight the impact of gap and the
effectiveness of the proposed method.

After training, we test the task policy in simulation, and
record the states of each step of the object moving on the flat
surface location, then gather into a reference trajectory and
infer the fitting line, as shown in figure 5.

Gap policy: The task policy is deployed into the UR3 robot
system, due to the uncertainty about the physical properties
of the actual object, reality gap appears. Specifically, the
position and deflection of the actual object at each moment will
gradually deviate from the corresponding state of the reference
trajectory, namely the deviation et. From analysis, there are
actually no more than two types of deflection at the initial
phase of arising deviation, that is, deflection along clockwise
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Fig. 7. the actions of the two policies are coupled and executed

(a) (b)

Fig. 8. Schematic diagram of the learning objective of gap policy

or counterclockwise direction of original object plane, with
different specific degrees, as shown in Figure 6 (a)(b).

For the two direction deflections, obviously, the corre-
sponding modified adjustment is the action from the oblique
direction, defining it as coupled action aCt. While the action
aTt given by task policy is along the direction of motion
and is continuous, we can reverse infer that the action aGt
given by gap policy should be perpendicular to the direction
of motion up or down, as figure 7. Our output action is the
coordinate of the gripper end, hence the coupling of actions
in this experiment refers to the addition of coordinate vectors.

Furthermore, based on the deviation states and the modified
actions inferred from the analysis, we can design new learning
objective and obtain the gap policy through simulation train-
ing. The vertical view of learning objective is shown in Figure
8. When clockwise deflection or counterclockwise deflection
occurs as shown in Figure 8 (a) or Figure 8 (b), the learning
objective is how to move the end from the starting point A to
the target point B. The AB distance in this experiment is set
as 0.10m.

For simulation training of gap policy, its relevant Settings,
such as reinforcement learning algorithm, hyperparameters,
network setting and reward function, are the same as those
of task policy, only the learning objective is different.

Two-policy cooperative transfer: The task policy and the
gap policy are transferred to the actual system together. After
each execution step, the state is compared with the threshold.
If the threshold is not exceeded, only execute the task action at
the next step; otherwise, execute the coupled action. The entire
process can also be referenced in Figure 7 and the dotted lines
of Figure 2.

(a)

(b)

Fig. 9. The motion trajectories of the box loaded iron block through our
method

TABLE I
DYNAMIC PARAMETERS AND THEIR RANGES IN SIMULATION

Parameters Range
Mass [0.05, 1.10] kg
Sliding Friction Coefficient [0.2, 2.0]
Torsion Friction Coefficient [0.01, 0.1]
Rolling Friction Coefficient [0.005, 0.05]

C. Results of Comparisons

We use the single transfer of task policy as the baseline
and domain randomization [5, 9] as the comparison method
to conduct a comprehensive evaluation of the object pushing
experiment with our proposed method.

We employ domain randomization for object’s parameters
to train a policy with some generalization. Details are shown
as Table I.

Each group of experiments is conducted for 50 times, and
the corresponding success rate is recorded. The specific results
are shown in Table II.

The results show that the baseline method has certain
task completion ability only for the empty box, but it can’t
complete the experiment after loading iron block. For domain
randomization, although it can enhance the generalization and
improve the success rate partly, the overall effect is not ideal.

TABLE II
THE SUCCESS RATE OF THREE TRANSFER METHODS FOR THREE TYPES

OF BOXES

Three Types of Boxes The Baseline Domain
Randomization Ours

Empty Box 56% 68% 92%
Iron Block into The Upper 0% 10% 84%
Iron Block into The Lower 0% 8% 82%
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In contrast, our proposed method is robust to the changes of
physical properties of box and achieves relatively high success
rate. As Figure 9 (a) and (b), the motion trajectories of the
box loaded iron block reflect that based on our method, there
are adaptive real-time adjustments in the pushing process to
eliminate the influence caused by gap.

It should be pointed out that for the task policy of single
transfer and domain randomization, we did not retrain targeted,
but carried out experiments on three types of boxes with the
same policy and set of procedures. In the experiment based
on our method, we did not make any secondary adjustment to
the task policy and the gap policy, and just ran the same set
of programs based on the same policy, which also reflected
the strong robustness of the proposed method, and there was
no need to retrain the policy for the change of the physical
properties of the experimental object.

V. CONCLUSION

In order to solve the gap between simulation and reality,
specifically dynamics field, we propose two-policy cooperative
transfer, which is different from the previous other methods
around single policy transfer. The basic intention of the
proposed method is that the task policy is responsible for the
acquisition of task skills and the gap policy is used to assist
the former to cover reality gap, with cooperation of the two
policies to achieve strong robust transfer. Consider that the
setting of the learning objective of gap policy depends on the
transfer situation of task policy, it embodies the characteristics
of single policy pre-transfer. This method provides a new
way of thinking for alleviating sim-to-real gap. The adaptive
object pushing experiment based on UR3 robot verifies the
effectiveness of the proposed method. In the future, we will
research how to apply this method to more complex tasks and
higher dimensional robots.
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