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Abstract— Contact-rich manipulation tasks often exhibit a
large sim-to-real gap. For instance, industrial assembly tasks
frequently involve tight insertions where the clearance is less
than 0.1 mm and can even be negative when dealing with a
deformable receptacle. This narrow clearance leads to complex
contact dynamics that are difficult to model accurately in
simulation, making it challenging to transfer simulation-learned
policies to real-world robots. In this paper, we propose a
novel framework for robustly learning manipulation skills for
real-world tasks using simulated data only. Our framework
consists of two main components: the “Force Planner” and the
“Gain Tuner”. The Force Planner plans both the robot motion
and desired contact force, while the Gain Tuner dynamically
adjusts the compliance control gains to track the desired
contact force during task execution. The key insight is that
by dynamically adjusting the robot’s compliance control gains
during task execution, we can modulate contact force in the
new environment, thereby generating trajectories similar to
those trained in simulation and narrowing the sim-to-real
gap. Experimental results show that our method, trained in
simulation on a generic square peg-and-hole task, can generalize
to a variety of real-world insertion tasks involving narrow
and negative clearances, all without requiring any fine-tuning.
Videos are available at https://dynamic-compliance.github.io

I. INTRODUCTION

Industrial robots are increasingly deployed to address
complex manipulation tasks that are contact-rich, such as
parts assembly [1]–[4], and object pushing [5]–[8]. These
tasks require the robot to interact with its environment by ap-
plying the appropriate contact force. However, the inherently
high-dimensional and nonlinear nature of contact dynamics
poses a significant challenge for automation. Traditional
approaches often require human expertise for the manual
design of robot skills, which is not only time-consuming but
also poorly scalable across varying task settings.

Recent advancements in learning-based approaches offer
a promising approach for automating the acquisition of
complex robot contact-rich manipulation skills. While earlier
studies concentrated on learning these skills directly on
physical robot systems, the focus has recently shifted to
conducting most of the learning in simulations to address the
training safety and efficiency. However, accurate simulation
of complex contact dynamics is still a considerable chal-
lenge since simulation is sensitive to parameters like surface
friction and material stiffness [9]. Moreover, task-specific
geometries, such as irregular connectors, and tight peg-hole
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Fig. 1: Overview of the proposed method. a) In simulation,
we use an RL agent to generate data to offline train both
the Force Planner and the Gain Tuner. b) In real-world
deployment, the Force Planner plans the desired force f d

and robot motion ∆x to achieve the target return R. The
Gain Tuner then dynamically adjusts the admittance gains
k to track the desired force.

clearances, exacerbate the challenges. Consequently, the sim-
to-real transfer of learned skills remains a hurdle.

Another challenge in the sim-to-real transfer of learned
robot skills is compliance control. For contact-rich manipu-
lation tasks, compliance control is often deployed to achieve
safe contact during manipulation. However, the compliance
control gains for real robots are difficult to tune to maintain
stability, and often vary from task to task. Moreover, different
phases within a single task might require variable gains
for improved performance. For example, a polishing robot
should be stiff in free space but compliant when making
contact with a surface to avoid damage. Previous studies
have proposed learning approaches to automatically obtain
the compliance gains [10]–[13]. Nevertheless, these learned
control gains can suffer from the sim-to-real gap and require
fine-tuning with real-world data.

This paper aims to robustly train robots for real-world,
contact-rich tasks using only simulated data. Our core hy-
pothesis is that by adjusting the robot’s compliance control
gains during task execution, we can adaptively modulate
contact force resulted in the new environment to match the
desired contact force and thus generate trajectories akin to
those trained in simulation. Our novel framework comprises
two main components: the “Force Planner” and the “Gain
Tuner”, as illustrated in Fig. 1. The Force Planner plans
the robot motion and desired contact force given the desired
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Fig. 3: Real robot setup and insertion tasks

B. Problem Setup

Our real robot setup, as shown in Fig. 3, consists of
a UR10e robot mounted on a work table, an embedded
force/torque (F/T) sensor located at the robot’s wrist, a
Schunk or Robotiq gripper grasping a peg and inserting
it into a fixed hole. There is no camera available. During
insertion, we assume that information about the nominal
hole location is known but there is uncertainty regarding
the exact hole pose. We rely on the F/T sensor and robot
proprioception for decision-making, rather than using vision.
This approach is beneficial for tight assembly tasks, where
large occlusion occurs, and contact force can help align the
peg and hole with high precision. Specifically, we solve three
sets of challenging insertion tasks:

• Tight 3D-printed rectangular and round peg-and-holes,
each with two levels of clearance: 0.05 mm and
0.02 mm, which are an order of magnitude smaller than
in previous work.

• Complex-shaped electronic connectors, including stan-
dard Ethernet and waterproof connectors.

• Real-world skateboard truck assembly. The first task is
inserting the hanger into a deformable receptacle, and
the second task is inserting a kingpin with threads on
the tip into the truck base while passing through a tight
rubber bushing. Both tasks have negative clearance.

We model the robot insertion task as a Markov Decision
Process (MDP), denoted as {S,A,R,P,γ}, where S ∈ R18

contains the peg pose x ∈ R6, peg velocity ẋ ∈ R6, and
contact force f ∈R6. The action space A ∈R12 includes the
incremental robot Cartesian motion ∆x∈R6 and the diagonal
entries of the stiffness matrix k = {k1, . . . ,k6}. The reward
function R is defined as r =−||xpos −xd ||2, which penalizes
the Euclidean distance between the robot’s current position
and a fixed target point inside the hole. P represents the
state-transition probability, and γ is the discount factor. It is
important to note that we simplify the task by planning only
for the robot stiffness K, while keeping the inertia matrix
M fixed. We compute the damping matrix D as D = 4

√
MK

to ensure an overdamped system. This setup is commonly
employed, as referenced in relevant works [11], [15]. We
use the admittance gain to refer to the diagonal entries k of
the stiffness matrix in the rest of the paper for simplicity.

IV. PROPOSED APPROACH

The transfer from simulation to the real world is partic-
ularly challenging for contact-rich tasks, as the same robot
motion and force control gains that are effective in simulation
can lead to different contact force in the real world. To tackle
this issue, we introduce a learning framework comprising two
main modules: 1) the Gain Tuner that generates appropriate
force control gains based on planned robot motion, desired
contact force, and historical trajectory data; and 2) the Force
Planner that plans the robot motion and desired contact force
required to complete the task.

The Gain Tuner serves as a novel component designed
to adjust force control gains during execution to meet the
desired contact force, thus bridging the sim-to-real gap. This
is an improvement over baseline methods, which commonly
generate both robot motion and control gains simultaneously.
Both the Gain Tuner and the Force Planner are trained using
simulation data only, enhanced with domain randomization
and data augmentation techniques to boost robustness. De-
tails on the model architectures and data collection processes
are provided in the subsequent sections.

A. Gain Tuner

During manipulation, the next contact force ft+1 depends
on the current state st , the robot motion ∆xt , admittance
gain kt , and environmental properties such as part geometry,
friction, and surface stiffness, denoted by E. We model this
relationship as a probability distribution P( ft+1|∆xt ,kt ,st ,E).
Previous approaches directly output ∆xt and kt from the
policy; however, the contact force ft+1 varies during sim-
to-real transfer because E changes. To address this issue, we
decompose the probability as follows:

P( ft+1|∆xt ,kt ,st ,E) =
P(kt | ft+1,∆xt ,st ,E)P(∆xt , ft+1|st ,E)

P(∆xt ,kt |st ,E)
(2)

Given the distribution of the robot motion and next contact
force P(∆xt , ft+1|st ,E), we can adjust the admittance gain kt
relative to ∆xt ,st , and E to align the contact force achieved
by the robot P( ft+1|∆xt ,kt ,st ,E) with the target distribution.

In practice, the distribution P(∆xt , ft+1|st ,E) is often un-
known. We thus directly learn a Force Planner model as
described in Sec. IV-B. We propose a Gain Tuner model,
GT (kt | f d

t+1,∆xt ,st ,E), that tunes the admittance gain auto-
matically to match the actual force with the desired force
f d . Modeling environmental properties E is challenging,
but inspired by recent works [41], [42] that treat RL as a
sequence modeling problem, we use previous trajectory data
τgt to approximate E:

τ
gt
t = (xt−H , ẋt−H ,∆xt−H ,kt−H , f d

t−H+1,

. . . ,xt−1, ẋt−1,∆xt−1,kt−1, f d
t )

(3)

where H is the window size. Our intuition is that the
environment E is encoded in the previous trajectory τgt , and
therefore we can infer E from τgt . The overall Gain Tuner
model is GT (kt | f d

t+1,∆xt ,xt , ẋt ,τ
gt
t ). At each time step t, the

inputs for the Gain Tuner are τ
gt
t ,xt , ẋt ,∆xt , and the planned
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next force f d
t+1. The output is the predicted admittance gains

kt . During training, we replace the planned next force f d
t+1

with the ground truth ft+1 available from the dataset, and
the training loss is the mean-squared error (MSE) between
the predicted and actual admittance gains.

B. Force Planner
In our framework, the Force Planner is designed to gener-

ate both the desired robot motion and the corresponding con-
tact force. We employ the Decision Transformer (DT) [41]
to train the Force Planner using an offline dataset, collected
according to Sec. IV-C. DT uses the GPT architecture to
autoregressively model trajectories and predicts the next
action based on historical data. To facilitate training, we
introduce an extended action space A′ = [∆x, f d ], which
includes robot motion ∆x and desired next contact force f d .

For each training iteration, we first sample a historical tra-
jectory of a window size H from the dataset. This trajectory
is denoted as:

τ
f p

t =(st−H ,a′t−H ,Rt−H , . . . ,st−1,a′t−1,Rt−1)

=(xt−H , ẋt−H , ft−H ,∆xt−H , f d
t−H+1,Rt−H , . . . ,

xt−1, ẋt−1, ft−1,∆xt−1, f d
t ,Rt−1)

(4)

Where Rt = ∑
T
t ′=t rt ′ is the desired future return until the

last timestep of the trajectory T . Then, τ
f p

t is combined
with the current robot state st = [xt , ẋt , ft ] and the desired
return Rt to serve as the input for the Force Planner
FP(∆xt , f d

t+1|xt , ẋt , ft ,Rt ,τ
f p

t ). This model predicts the sub-
sequent robot motion ∆xt and the next contact force f d

t+1.
Similar to the Gain Tuner, an MSE loss for the robot

motion and next contact force is enforced to train the Force
Planner. Detailed training steps can be found in Algorithm 1.

Algorithm 1: Learning GT and FP
Require: A set of simulated trajectories {τi|i = 1, . . . ,N}

1: Initialize the dataloader D = []
2: for i in 1,. . . ,N do
3: for t in 0,. . . , T-1 do
4: Add [xt , ẋt ,∆xt ,kt , ft+1] to D
5: Obtain [τgt

t ,τ f p
t ] using (3) (4) and add to the D

6: Add Rt = ∑
T
t ′=t rt ′ to the D

7: end for
8: end for
9: for batched [x, ẋ,∆x,k, f , fnext ,R,τgt ,τ f p] in D do

10: k̂ = GT (k| fnext ,∆x,x, ẋ,τgt)

11: Lossgt =
∥∥k− k̂

∥∥2
2

12: ∆x̂, f̂next = FP(∆x, fnext |x, ẋ, f ,R,τ f p)

13: Loss f p = ∥∆x−∆x̂∥2
2 +

∥∥ fnext − f̂next
∥∥2

2
14: Update GT and FP to minimize Lossgt ,Loss f p
15: end for

C. Data Collection and Augmentation
Both the Gain Tuner and the Force Planner in our frame-

work are trained through supervised learning using simula-
tion data. Figure 1(a) illustrates our simulation environment,

which models a square peg-and-hole with edges of 40 mm in
the PhysX [43] physics engine. To generate the dataset, we
employ an RL agent and use a curriculum-based approach
consisting of two phases. Initially, we set a larger clearance
of 0.5 mm and utilize the Soft-Actor-Critic algorithm [44]
to learn an insertion policy. This policy serves as the starting
point for training on a more challenging task with a 0.3 mm
clearance. The replay buffer collected during the RL training
of the second phase is used as the dataset for training both
the Gain Tuner and the Force Planner networks.

To ensure the robustness of these networks, we apply
domain randomization and data augmentation techniques. We
apply domain randomization in the peg’s initial pose and
the hole location. We also augment the contact force data
with scaling and noise injection. The intuition behind this
augmentation comes from real-world scenarios. Since the
admittance command is controlled by the low-level robot
motion controller, which often exhibits different characteris-
tics in simulation and reality, the same admittance gains can
produce varying contact force. To capture this discrepancy,
we introduce a scaling factor ranging from 0.4 to 1.4 to
the contact force data. Additionally, we inject zero-mean
Gaussian noise with a standard deviation of 1 N to model the
noisy F/T sensor readings in real-world scenarios. We have
found that randomizing dynamics properties such as mass
and friction can cause unstable behaviors in simulation and
therefore, only augmented the force data.

D. Training Details

We adopt a model architecture similar to that of DT
for both the Gain Tuner and the Force Planner. For
the Gain Tuner, the stack of robot states and motions
(xt−H , ẋt−H ,∆xt−H , . . . ,xt , ẋt ,∆xt), previous admittance gains
(kt−H , . . . ,kt−1), and desired force ( f d

t−H+1, . . . , f d
t+1) are

mapped separately to three 128-dimensional embedding
spaces using linear layers. These embeddings are then pro-
cessed by the GPT-2 model [45] to predict the admittance
gain kt . The Force Planner employs the same architecture but
utilizes different modalities, including the state s, extended
action a′, and return R, to obtain the embeddings.

We use the dataset described in Sec. IV-C to train both
networks. Window size H is 20 for both models. During
each training step, we sample trajectories from the dataset
using a batch size of 64 and update both networks with a
learning rate of 5×10−4. The training process spans a total
of 200,000 steps. The other training hyperparameters remain
the same as the original DT implementation [41].

V. EXPERIMENTS

In this section, we introduce experiments that evaluate the
sim-to-real robustness and generalizability of our method.
We also provide comparisons with two baselines, both of
which output robot motion ∆x and admittance gains k
simultaneously: 1) a DT that is trained on the same dataset,
and 2) an RL policy that is obtained during the data collection
process with 0.3 mm clearance as described in IV-C. We
include the two baselines to show that the decoupling of
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admittance gains and robot motion helps to bridge the sim-
to-real gap. In addition, we include the ablation study to
answer two questions: 1) how does the Gain Tuner respond
to different desired force? and 2) can fine-tuning the Force
Planner with a small amount of real data achieve better
performance for difficult tasks?

A. Experimental Setup

We use the UR10e robot with a built-in F/T sensor on the
wrist for real-world experiments. Before each trial, the robot
grasps the peg and the receptacle is fixed on the table. The
initial position of the peg is randomly sampled within the
range of half the peg size in X ,Y,Z axes. We evaluate our
approach on a diverse set of insertion tasks including low
and negative clearances, shown in Fig. 3. Their respective
clearance sizes are listed in Table. I.

Peg Size (mm) Hole Size (mm) Clearance (mm)
Rectangular 30.00 30.05 0.05
Rect. (tight) 30.00 30.02 0.02

Round 24.98 25.03 0.05
Round (tight) 24.98 25.00 0.02
Connectors Standard – –

Hanger 9.56 9.35 -0.21
Kingpin 9.41 9.20 -0.21

TABLE I: Clearance sizes of the insertion tasks, only listing
the long edge of the rectangular peg-and-hole.

B. Tight 3D-Printed Peg-and-Holes

We first conduct experiments on tight 3D-printed peg-
and-holes to evaluate the sim-to-real transfer performance.
The main challenge in these tasks comes from the tight
clearances of 0.05 mm and 0.02 mm. To complete the
insertion task, the robot must align the peg and the hole
with high precision, necessitating a robust search strategy and
suitable force control gains. The success rates are reported
in Table II. Our method achieves 90% and 100% success
rate for the rectangle and round peg-and-holes with 0.05mm
clearance, and 70% and 90% success rate for those with
0.02mm clearance, all through zero-shot sim-to-real transfer.
In contrast, both the DT and RL models struggle with sim-
to-real transfer, failing most trials.

As seen in Table II, the rectangular peg-in-hole tasks are
particularly difficult for baseline methods. We investigate
the cause by examining the contact force profile and the
admittance gains across all methods in Fig. 4. We omit the
Y axis because X and Y are similar for the insertion tasks.
In simulation, the robot does not make contact with the hole
during the first step in this example. Thus, the initial planned
contact force in the Z axis is 0 N and the Gain Tuner predicts
a stiffness above 800 N/m. However, the actual initial contact
force in the Z axis is 33 N, much higher than planned. The
Gain Tuner then significantly reduces the stiffness to match
the second planned force of 4 N. For subsequent steps, the
Force Planner continually updates the planned force while
the Gain Tuner adjusts the robot’s stiffness accordingly,

resulting in a force tracking error of around 5 N in the Z
axis. This demonstrates the effectiveness of our Gain Tuner.

In comparison, because the DT and RL baselines directly
output both robot motion and admittance gains, they lack
the capability to modulate the contact force. The DT model
maintains robot stiffness below 400 N/m and generates
noisy contact force. Meanwhile, the RL baseline alternates
rapidly between high and extremely low stiffness, inducing
a pulsatile pattern in the contact force. Neither baseline
manages to uphold appropriate contact, leading to diminished
success rates in challenging insertion tasks.

It is worth noting that our method does not align well the
planned and the actual force in the X axis. This discrepancy
is primarily because the simulated contact force in the X ,Y
axes are close to 0 N, attributable to an inaccurate contact
model in simulation. Additionally, our real-world tasks have
smaller clearances, leading to higher sticking force between
the peg and the hole surface.

C. Electronic Connectors

We then examine how our method generalizes to different
geometries from in simulation by selecting the Ethernet
and waterproof connectors. These were chosen due to their
ubiquity in insertion tasks and their complex, non-convex
geometries. Given that the clearances are larger compared to
other tasks, both DT and RL achieve success rates exceeding
50%. However, our proposed method continues to outper-
form the baselines, achieving a 100% success rate for the
Ethernet connector and 90% for the waterproof connector.

D. Skateboard Truck Assembly

We next aim to address a real-world assembly task -
skateboard truck assembly. We focus on two subtasks: hanger
and kingpin assembly. These tasks are challenging due to
deformable parts within the holes, which create negative
clearances and consequently increase the contact force. Our
method achieves 90% success rate in the hanger task, thereby
demonstrating its generalizability. The DT and RL baselines
occasionally apply excessive force, leading to deformations
that cause the peg and hole to stick together and reducing
their success rates.

The kingpin insertion task involves metal-to-metal contact.
Because both objects are stiff, such contact often generates
a large amount of force, triggering protective stops. Our
method is not immune to this issue and has a success rate
of 70%, primarily because the Gain Tuner initially predicts
high stiffness based on simulation data. However, it still
outperforms both baselines.

E. Ablation Studies

In this subsection, we assess the capability of the Gain
Tuner to generate varying gains for different desired force.
We multiply the desired force output from the Force Planner
by a set of factors ranging from 0 to 2, while keeping the
robot motion intact. The resulting contact force and predicted
gains are depicted in Fig. 5. In the case where the factor is
0, the planned robot motion still pushes downward, resulting
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[7] J. Stüber, C. Zito, and R. Stolkin, “Let’s push things forward: A survey
on robot pushing,” Frontiers in Robotics and AI, p. 8, 2020.

[8] K. Hausman, J. T. Springenberg, Z. Wang, N. Heess, and M. Ried-
miller, “Learning an embedding space for transferable robot skills,” in
International Conference on Learning Representations, 2018.

[9] M. Parmar, M. Halm, and M. Posa, “Fundamental challenges in deep
learning for stiff contact dynamics,” in 2021 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS). IEEE, 2021,
pp. 5181–5188.

[10] C. C. Beltran-Hernandez, D. Petit, I. G. Ramirez-Alpizar, and
K. Harada, “Variable compliance control for robotic peg-in-hole as-
sembly: A deep-reinforcement-learning approach,” Applied Sciences,
vol. 10, no. 19, p. 6923, 2020.

[11] J. Seo, N. P. S. Prakash, X. Zhang, C. Wang, J. Choi, M. Tomizuka, and
R. Horowitz, “Robot manipulation task learning by leveraging se (3)
group invariance and equivariance,” arXiv preprint arXiv:2308.14984,
2023.

[12] J. Buchli, F. Stulp, E. Theodorou, and S. Schaal, “Learning variable
impedance control,” The Int. J. of Robotics Research, vol. 30, no. 7,
pp. 820–833, 2011.

[13] C. Wang, X. Zhang, Z. Kuang, and M. Tomizuka, “Safe online
gain optimization for cartesian space variable impedance control,” in
2022 IEEE 18th International Conference on Automation Science and
Engineering (CASE). IEEE, 2022, pp. 751–757.
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