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Fig. 1: FILIC. (Left) Examples of contact-rich manipulation tasks. (Middle) Dual-loop architecture: an outer-loop imitation
learning model processes multimodal sensory inputs (estimated external force from an estimator and visual images from
cameras) to predict the next action at 25 Hz; a gravity compensation module ensures accurate dynamics estimation at 250
Hz; the inner-loop impedance controller runs at 2 kHz for compliant torque control. (Right) Illustration of external forces
estimation in joint space which are computed from joint torques using the robot’s Jacobian.

Abstract— Contact-rich manipulation is crucial for robots to
perform tasks requiring precise force control, such as insertion,
assembly, and in-hand manipulation. However, most imitation
learning (IL) policies remain position-centric and lack explicit
force awareness, and adding force/torque sensors to collabora-
tive robot arms is often costly and requires additional hardware
design. To overcome these issues, we propose FILIC, a Force-
guided Imitation Learning framework with impedance torque
control. FILIC integrates a Transformer-based IL policy with
an impedance controller in a dual-loop structure, enabling com-
pliant force-informed, force-executed manipulation. For robots
without force/torque sensors, we introduce a cost-effective
end-effector force estimator using joint torque measurements
through analytical Jacobian-based inversion while compensat-
ing with model-predicted torques from a digital twin. We also
design complementary force feedback frameworks via handheld
haptics and VR visualization to improve demonstration quality.
Experiments show that FILIC significantly outperforms vision-
only and joint-torque-based methods, achieving safer, more
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compliant, and adaptable contact-rich manipulation. Our code
can be found in https://github.com/TATP-233/FILIC,

I. INTRODUCTION

Contact-rich manipulation, where precise force and contact
control are required, is essential for robots to interact effec-
tively with objects and environments. It underpins tasks such
as insertion [1], assembly [2], and in-hand manipulation [3].
Mastering contact-rich manipulation is crucial for achieving
human-like dexterity and expanding robots’ capabilities in
complex, unstructured settings. Among various approaches,
imitation learning (IL) offers significant potential in this
context, as it enables robots to acquire complex manipula-
tion skills from human demonstrations, facilitating efficient
adaptation to diverse contact-rich tasks [4].

Despite recent progress, contact-rich manipulation still
faces several key challenges. First, existing IL methods
typically output joint positions or 6-DOF poses, which
can generate excessive internal forces in contact-rich tasks,
potentially damaging the robot or manipulated objects [5],
[6]. Second, end-effector force provides richer and more
intuitive contact information, which is crucial for contact-
rich manipulation; however, robotic arms equipped with
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wrist force/torque sensors are scarce and often prohibitively
expensive [7]. Third, collecting force data for contact-rich
manipulation remains challenging, as humans lack the direct
end-effector force perception that a robot requires, making
purely visual demonstrations insufficient for capturing effec-
tive force information.

Several methods have been proposed to address these
challenges, but each comes with limitations. Some IL algo-
rithms incorporate end-effector force as an input to the model
for training [8], [9]; however, they typically treat it merely
as sensor information and perform only position control,
without achieving true compliant manipulation, and often
require expensive force-sensing robots. Other works attempt
to use joint torque as input in the absence of end-effector
force sensors, yet joint torque does not provide the same rich
and intuitive contact information as end-effector force [1].
Force data collection also remains challenging: in kinesthetic
demonstrations, human-applied external forces interfere with
measurements, while in position-mapping demonstrations
(e.g., VR or master-slave setups), operators lack force feed-
back and rely only on visual cues, making it difficult to
capture effective end-effector force information [10].

To address these issues, we present FILIC, a Force-guided
Imitation Learning framework with Impedance torque
Control. First, we propose a novel dual-loop framework that
integrates IL with impedance control. The Tranformer-based
IL policy serves as the outer loop, taking visual images,
end-effector pose and force as observations to predict target
poses, which are then fed into the inner-loop impedance
controller to generate torque commands, forming a force-
in, force-out dual-loop structure that enables compliant
manipulation. Second, for scenarios without end-effector
force/torque sensors, we develop a cost-effective end-effector
force estimator by leveraging the mapping between the
robot’s end-effector wrench and joint torques, based on the
Jacobian matrix and a high-fidelity synchronized digital twin.
Finally, to address challenges in data collection, we design
two complementary force feedback frameworks: haptic feed-
back via handheld controllers and visual feedback in VR.
Experimental results for insertion tasks in both simulation
and real-world environments demonstrate that our approach
significantly outperforms purely vision-based methods and
those relying on joint torque alone.

This work makes the following contributions:

e A dual-loop framework combining an outer-loop
Transformer-based imitation policy and an inner-loop
impedance torque controller for compliant contact-rich
manipulation with multimodal visual and force inputs.

o« A low-cost, sensorless method for estimating end-
effector wrench using a synchronous digital twin, with
an open-source implementation for accessibility.

o« Two complementary force-feedback data collection
frameworks: haptic vibration via a handheld controller
and AR-based force vector visualization in VR.

II. RELATED WORK
A. Imitation Learning

Imitation learning (IL) trains policies from demonstra-
tions, avoiding brittle reward engineering yet suffering from
distribution shift in vanilla behavior cloning. Recent se-
quence or chunked action predictors improve temporal co-
herence and robustness [S5], while diffusion-based policies
formulate action generation as conditional denoising to cap-
ture multimodal futures [6]. Beyond action parameteriza-
tion, data efficiency and generalization are advanced by
3D point-cloud conditioned diffusion policies (DP3) [11]
and vision-language-action (VLA) models that inject large-
scale semantic priors [12]. Open-world variants (70, 70.5)
pair pre-trained VLMs with flow/matching action experts
for broader task transfer [13], [14], and purely synthetic
large-scale pretraining (GraspVLA) shows competitive zero-
shot sim-to-real transfer [15]. Efficiency and deployability
are pushed by compact architectures (SmolVLA) [16], low-
latency asynchronous chunk execution (RTC) [17], and sta-
bilization techniques such as Knowledge Insulating [18].
Collectively, these trends point toward unified semantic rea-
soning plus temporally coherent control [19], yet current
IL/VLA pipelines are still largely vision- and position-
centric, underutilizing rich physical interaction signals.

B. Force-Aware Robot Control and Learning

Classical model-based strategies (impedance, admittance,
direct force control) provide principled mappings between
motion and interaction forces for safe, compliant behav-
ior [20]-[22], and support stability across contact transitions
in locomotion [23]. Yet in unstructured environments mod-
eling errors, hybrid contact dynamics, and reality gaps limit
purely analytical designs [24]. DRL plus domain randomiza-
tion has produced agile, robust locomotion [25], leveraging
dense proprioception and shaped rewards, but manipulation
adds proactive environmental change [26], harder visual
sim-to-real transfer, multimodal sensing demands [27], and
sparse reward challenges [28]. Augmenting perception with
large VLMs or distilled demonstrations [29] improves scene
understanding but alone does not yield force-sensitive com-
pliance.

Recent integration efforts target explicit force awareness.
Diffusion policies over 6D wrenches achieve precise contact
reasoning but often omit vision [30]. Variable/admittance
impedance RL incorporates force—torque for high-precision
assembly while still partially decoupling vision [31], [32].
Hierarchical or residual formulations extend the action space
with stiffness/damping parameters [33], [34]. Stiffness infer-
ence from position demonstrations (SCAPE) reduces expert
load yet remains position-centric and underuses rich force
signals [35]—-[37]. Parallel advances in sensorless force esti-
mation leverage joint torque mappings as a low-cost proxy
for contact without wrist F/T hardware, motivating torque-
conditioned VLAs. Systematic studies of torque fusion and
predictive torque modeling highlight gains from late fusion
and auxiliary future-torque prediction for grounded internal
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Fig. 2: Detailed architecture of FILIC. Outer loop: The external force estimator provides interaction forces, which are
fused with forward kinematics (FK) outputs and further processed via MLP layers. Visual observations are encoded by
dual ResNet backbones and integrated with estimated force embeddings through a cross-attention module. These multimodal
features are passed into a standard Transformer architecture (e.g., ACT [5]) to generate pose sequences at 25 Hz. Inner loop:
The predicted action pose is tracked through inverse kinematics (IK), while the inner control loop employs an impedance

torque controller running at 2 kHz, supported by gravity compensation at 250 Hz.

representations [1]. Overall, the field is converging toward
policies that couple semantic visual reasoning with learned,
torque/force-aware control for compliant, contact-rich ma-
nipulation.

III. PRELIMINARIES

A. Imitation Learning

Imitation Learning (IL) is a paradigm in which an agent
learns to perform tasks by observing and mimicking expert
demonstrations. Formally, given a dataset of state-action
pairs D = {(s;,a;)}}Y, collected from an expert policy
7*, the goal of IL is to learn a policy mp that minimizes
the discrepancy between my(als) and 7*(a|s). Common
approaches include Behavioral Cloning (BC), which treats IL
as a supervised learning problem, and Inverse Reinforcement
Learning (IRL), which infers a reward function underlying
the expert’s behavior. IL is particularly valuable in settings
where designing reward functions is difficult or when high-
quality demonstrations are available.

B. Dynamics and Wrench Propagation in Manipulators

The dynamical model of a robotic manipulator is founda-
tional for the analysis and control of interaction tasks. Given
joint position ¢, velocity ¢, and acceleration vectors ¢, the
equations of motion are governed as follows:

M(q)G+ C(q,q)q + 9(q) =T + Tewt (1)

where M (q), C(q,¢), and g(q) are the inertia, Coriolis,
and gravity terms, and 7 is the applied joint torques. In the
presence of external contact, the joint external torque T,
originates from a wrench F,,; applied at the end-effector.

A fundamental mapping arises from the kinematics of
constrained motion: the effective wrench F,,; generated at
the end-effector is algebraically related to the joint torques
through the Jacobian transpose matrix J(q)”:

Text = J(q)TFewt (2)

This mapping is critical as it enables estimating exter-
nal end-effector forces from joint current—derived torques
without a dedicated force sensor. These inferred contact
forces offer more intuitive physical information than raw



joint torques, greatly improving a model’s understanding of
interaction force space.

C. Impedance Control

In robotic manipulation under unstructured environments,
impedance control regulates the dynamic interaction between
motion and external forces, which is typically modeled as
a mass—spring—damper system, and can be implemented in
either Cartesian or joint space. The desired joint torque 7*
is computed as:

7" = M(ja— )+ D(qa —¢) + K(qa —q) + 755 (3)

where q4, 44, §q and g, ¢, ¢ are the desired and measured joint
angles, velocities, and accelerations, M, D, K are the joint-
space inertia, damping, and stiffness matrices, and 77 is the
feedforward compensation torque.

During real-world deployment, acceleration measurements
often suffer from significant errors, which can severely
degrade control performance. As a result, the mass term is
typically omitted, leading to a simplified impedance control
formulation. Notably, such a impedance control can be
realized through the MIT control mode of the actuators:

Tonit = Ka(qa — 4) + Kp(qa — q) + 7r5 “4)

where 77, denotes the reference torque, while K, and Ky

denote the position and velocity gains, respectively.

IV. METHOD
A. Dual-Loop Imitation-Impedance Control

In this work, to achieve imitation-learning-based compli-
ant manipulation, we design a dual-loop control architecture
that integrates a high-level imitation learning policy with a
low-level impedance controller, as illustrated in Fig. 2} The
outer loop employs imitation learning to generate adaptive
task-level motion commands from multimodal observations,
while the inner loop enforces stable and compliant execution
through impedance control at the torque level.

Outer-loop imitation learning policy. We employ a
Transformer-based model as the outer-loop imitation learning
policy as shown by the blue flow in Fig. [] and Fig. [
To improve perception in contact-rich tasks, we incorporate
a cross-attention mechanism that fuses force and visual
inputs. The estimated force vector is encoded via an MLP
as the query, while RGB observations are processed by two
ResNets to provide the keys and values. The cross-attention
module then aligns these modalities, allowing the policy to
selectively attend to visual features most relevant to the
contact dynamics, thereby capturing correlations between
appearance and force interactions.

For state estimation, joint positions [g1,...,Gn]ts Ve-
locities [v1,...,vy]t, and torques [ri,...,7,]: are obtained
from the robot’s internal sensors and converted via for-
ward kinematics and dynamics into the end-effector Carte-
sian pose and the corresponding external wrench Fi.,; =
[fxt, fyt, fze, Txs, Tys, T2¢). This proprioceptive informa-
tion is synchronized with RGB images from two external
cameras, all down-sampled to 25 Hz for efficient processing.

Each visual stream is encoded using a ResNet backbone,
while the force vector is mapped through a multilayer
perceptron (MLP). The resulting visual and force features
are then fused via a cross-attention module. This fused rep-
resentation is subsequently concatenated with two additional
components: (1) the end-effector pose features, also projected
through an MLP, and (2) a latent style variable Z, which is
derived from encoding the action pose sequence and end-
effector pose. Notably, Z is omitted during inference [5].

The Transformer-based model network outputs a sequence
of target 6-DOF end-effector poses at 25 Hz, following
the action chunking with temporal ensemble processing
to enhance robustness and smoothness inspired by Action
Chunking with Transformers (ACT) [5]. Except for the per-
ception input module, the detailed architecture of the other
modules follows ACT. These high-level references are passed
to the inner-loop impedance controller, which translates them
into compliant torque-level commands, thereby ensuring both
task fidelity and safe interaction.

Inner-loop impedance controller. As depicted by the
green flow in Fig. [T] and Fig. [2] to ensure robust and stable
control on the physical platform, the impedance model is
simplified to exclude the inertial component, since accelera-
tion measurements are highly noise-prone and can severely
degrade performance. The resulting formulation retains only
the spring—damper terms, which balance compliance with
stability.

At each control cycle, the imitation learning policy pro-
vides a 6-DOF Cartesian target pose pose;41 at 25 Hz. This
target is mapped into desired joint angles ¢ through real-time
inverse kinematics. In parallel, joint positions ¢ and velocities
v are acquired from the robot’s internal sensors at a higher
rate of 250 Hz. These high-frequency proprioceptive signals
are integrated into a joint-space impedance control law that
computes torque commands 7.,,q at 2 kHz formulated as:

Temd = B0 —v)+ K(§—q)+ 7 (5)

where K and B are the preset stiffness and damping coeffi-
cients, v is typically set to 0, and 7 is the feedforward gravity
compensation torque, computed at 250 Hz. According to
Equation @) and (), 0,4, 7 can be directly provided as
inputs to the motor control function in MIT mode, from
which the reference torque to be executed is computed.

In summary, the proposed hierarchical structure uniquely
leverages end-effector forces as inputs for imitation learning
and controls joint torques as outputs through impedance
control, achieving robust, compliant, and demonstration-
informed force control in contact-rich environments.

B. External Force Estimation via Digital Twin

Jacobian-based external force estimation. To exploit the
intuitive and decoupled information provided by end-effector
forces while overcoming the lack of such sensors in most
affordable commercial robotic arms, we reconstruct the 6-
dimensional end-effector wrench by mapping joint torques
through the inverse relationship defined by the Jacobian, as
presented the dark purple modules in Fig. [1| and Fig.
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Fig. 3: Two frameworks of demonstration with force feed-
back. Wireless game controllers control robots in Cartesian
space via joysticks and triggers, providing vibration-based
force feedback, whereas VR devices track the operator’s
pose and render AR arrows on end-effectors to indicate force
direction and magnitude.

The estimated force is then employed as perceptual input
for imitation learning. Based on the mapping relationship
between forces and torques presented in Equation (2)), we
obtain the following estimation formula for the external end-
effector force:

Fea:t = J(CI)T+ (Tobs - Tinv) (6)

where 7,5 denotes the observed joint torques and T;p.,
represents the expected joint torques computed from the
robot dynamics under the current motion state. In addition,
the pseudoinverse of the transposed Jacobian J(q)7, is com-
puted via singular value decomposition (SVD): J(q)T+ =
VytUT if J(g)T = UXVT, where ¥t is obtained by
taking the reciprocal of each nonzero singular value in X and
transposing the result. This SVD-based formulation ensures a
stable least-squares approximation even when the joint space
and task space dimensionalities are not perfectly aligned.

Synchronous digital twin. Moreover, to robustly compute
expected joint torques and estimate end-effector forces in
real-world robots affected by factors such as sensor noise,
joint friction, and mechanical compliance, we employ a syn-
chronous digital twin framework. Specifically, a high-fidelity
robotic arm model is instantiated in the MuJoCo simulator,
where measured joint positions, velocities, and torques from
the physical robot are continuously synchronized in real
time. Exploiting MuJoCo’s precise dynamics simulation, the
framework computes expected joint torques 7;,, and infers
the corresponding external wrench F.,; on the end-effector.
This approach obviates the need for additional high-precision
force or acceleration sensors, minimizes hardware depen-
dency, and can be generalized to different robotic platforms
by simply updating the simulation model.

C. Demonstration Data Collection with Force Feedback

In imitation learning, collecting high-quality demonstra-
tion data is essential, particularly when force signals are
included as part of the model input. To ensure that demon-
strations capture informative variations in force, we develop
two low-cost teleoperation frameworks that enhance the
operator’s perception of interaction forces and improve the
quality of recorded trajectories.

Vibro-haptic force feedback. The first framework em-
ploys a handheld controller with vibrotactile haptic feedback,
as shown in the left half of Fig. 3| Estimated end-effector
forces, computed from Equation (6), are mapped to vibration
cues, where the vibration frequency increases discretely with
force magnitude. This design conveys qualitative information
about contact intensity, enabling demonstrators to intuitively
adjust their actions. As a result, the collected trajectories
better reflect meaningful force variations, which strengthens
the robustness of the imitation learning.

VR-based visual force feedback. In the second setup, as
shown in the right half of Fig.[3] a VR headset displays the
estimated force vectors in real time, effectively providing an
AR-like overlay on the real environment. This allows the op-
erator to directly perceive both the direction and magnitude
of contact forces. This spatially explicit visualization helps
demonstrators adapt their manipulation strategies with higher
precision, leading to demonstration data that more accurately
encode the relationship between forces and actions.

These complementary methods can be used individually
or together, allowing users to choose the approach that fits
their available hardware: the vibro-haptic method is more
cost-efficient, while the VR-based visual method provides
additional force-direction cues, ensuring more flexible and
high-quality demonstrations.

V. EXPERIMENTS

Experiments comprise simulation and real-robot studies.
We first describe the experimental setups and data-collection
protocols, then present results with a comparative analysis.

A. Simulation Setup

Experimental platform. We use MuJoCo for its efficiency
and accuracy in contact-rich manipulation. The robot is a
6-DOF manipulator with a fixed rectangular peg (0.95 cm
side length). The environment is a flat tabletop with a 1 cm
square hole. Two RGB cameras provide local (end-effector)
and global views (Fig. [Ph), though cameras are not rendered
in illustrations for clarity.

Task description. The task is peg-in-hole insertion: the
end-effector must align the rectangular peg with the square
hole and insert it. Only translational DoFs (x, y, z) are
controlled, with orientation fixed perpendicular to the table.
The hole starts slightly below and in front of the peg. Force
feedback is critical, as small contacts are often unobservable
visually. Fig. [5] shows the task process.

Data collection. Unlike conventional scripted datasets,
we collect demonstrations using a haptic-feedback hand-
held controller to capture force-guided corrective behaviors.
MuJoCo visualizes contact forces directly (Fig. [6). Each
trajectory begins from a fixed end-effector pose, with the
hole center randomly offset by 1 mm. We collected 150
trajectories: 50 single-shot insertions without contact and
100 with corrective motions. Each trajectory includes syn-
chronized RGB images, Cartesian positions, joint torques,
end-effector wrenches, and operator commands.
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Fig. 5: Simulation scene setup and step-by-step process
of the peg-in-hole task.

B. Real World Setup

Experimental platform. We use a 6-DOF AIRBOT Play
robotic arm as the manipulator. A charging plug is rigidly
mounted on the end-effector. The arm manipulates on a white
tabletop with a fixed power socket. Two RGB cameras are
placed in front of and to the left of the socket to provide
comprehensive scene observation. The experimental setup is
shown in Fig. ] a).

Task description. The task is to insert the charging plug
into the socket. As in simulation, the end-effector orientation
is constrained to be perpendicular to the table, and only x, y,
z translation is controlled. At initialization, the end-effector
is above but laterally offset from the socket by approximately
2 cm. Fig. [ a) illustrates the task completion process.

Data collection. Unlike simulation, contact forces cannot
be visualized directly, so the demonstrations are collected
using the VR-based teleoperation interface. And the socket
position remains fixed across trajectories. We collect 30

Fig. 6: Visualization of contact forces in the simulator. The
direction and length of the blue arrow represent the direction
and relative magnitude of the force at the contact point.

trajectories in total: 10 single-shot insertions without contact
and 20 trajectories with corrective actions guided by force
feedback. The recorded data modalities mirror those in
simulation.

C. Experimental Results

To evaluate the relative utility of estimated end-effector
force versus raw joint torque as proprioceptive contact cues
for robotic insertion tasks, we conduct a controlled abla-
tion study in both simulation and real-world settings. All
model architectures and training hyperparameters (detailed
in Table m) are held constant across variants, and the only
difference lies in the choice of proprioceptive input: either
joint torque or estimated end-effector force. In addition to
this contact cue, all models observe the end-effector position
and RGB images to ensure fair comparison. Each experimen-



TABLE I: Model hyperparameters in the experiment.

Hyperparameter Value
Learning rate 2e-5
Batch size 16
# Encoder layers 4
# Decoder layers 7
Feedforward dimension | 3200
Hidden dimension 512
# Heads 8
Chunk size 25
Beta 10
Dropout 0.1

TABLE II: Success rate under different proprioceptive
inputs. All models take end-effector position and RGB
images as inputs; they differ only in the proprioceptive cue:
joint torque or estimated end-effector (EE) force.

Platform Proprioceptive Input Success Rate (%)
EE position 68.0
Simulation | EE position + joint torque 80.0
EE position + EE force 90.0
EE position 46.7
Real robot | EE position + joint torque 63.3
EE position + EE force 80.0

tal condition, for both simulation and real-world trials, was
evaluated over 50 and 30 independent trials, respectively, to
calculate the success rate, summarized in Table [}

The results reveal three critical insights:

First, the baseline model using only end-effector position
and vision achieves moderate success (68% in simulation,
46.7% on the real robot), indicating that geometric and visual
cues alone are insufficient for reliable insertion. This is
especially evident in the real-world setting, where unmodeled
dynamics and sensor noise increase failures. Insertion tasks
have extremely low tolerance for positional error: even minor
misalignments can cause contact-induced jamming. Without
force feedback, the policy cannot distinguish between free
and obstructed motion, preventing corrective actions and ex-
plaining the higher failure rate in the position-only condition.

Second, augmenting proprioception with any form of
force/torque signal, whether raw joint torque or estimated
end-effector force, substantially improves performance. In
simulation, success increases by 12-22 percentage points
(pp); on the real robot, gains are even larger (16.6-33.3
pp). This confirms that force feedback is indispensable for
contact-rich manipulation, enabling the policy to perceive
interaction states and modulate behavior accordingly.

Third, and most importantly, estimated end-effector force
consistently outperforms raw joint torque. In simulation,
success increases from 80.0% to 90.0% (+10 pp); on the
real robot, from 63.3% to 80.0% (+16.7 pp). End-effector
force is spatially localized and task-aligned, activating only
upon contact at the tool tip and providing a clean, direc-
tional signal correlated with insertion progress. In contrast,
raw joint torque is influenced by inertial, gravitational, and
frictional effects along the kinematic chain, making it noisy
and ambiguous, especially under dynamic motion or on real
hardware. The larger performance gap on the real robot

further shows that our end-effector force estimation module
enables the policy to extract more robust and task-relevant
contact features.

In summary, these results demonstrate that:

(i) Force perception is critical in insertion tasks, where
low error tolerance means that, without it, policies are blind
to collisions and unable to recover from jamming;

(i) Not all types of force signals exert the same effect:
compared with joint torques, the estimated end-effector force
provides superior task performance by delivering spatially
precise and semantically meaningful contact feedback.

D. End-effector Force Estimation Demonstration

To further demonstrate the effectiveness of end-wrench
information, we conducted real-world experiments to test the
changes in end-force/torque on a variety of contact-rich tasks,
including the socket insertion and three additional tasks.

Plug adapter into socket. The socket is fixed on the table,
and the robotic arm attempts to insert the gripping adapter. At
time ¢, the Z-axis external force increases slightly, indicating
that insertion has started and is proceeding correctly. The
force then rises gradually, reaching a peak at time %o,
indicating that the adapter has been successfully plugged in.

Press emergency stop button and release. The emer-
gency stop button is fixed on the table. The robotic arm,
with a closed gripper, presses the button from above. The
gripper then opens to grasp the button before the arm rotates
to twist it, allowing the button to be released. At time 1, the
Z-axis external force reaches a peak, indicating the button has
been pressed. At time ¢, the Z-axis force suddenly increases,
indicating the button has been released and the spring exerts
an opposing reaction force.

Fix C-clamp to table. The C-clamp is placed on the table,
and the robotic arm grasps the lever and rotates to secure it.
At time t;, the X-axis external torque increases suddenly,
indicating the arm has started applying wrist rotation. From
t1 to t9, the arm continues rotating its wrist, while the X-axis
torque gradually rises and reaches a peak at ¢5, indicating the
C-clamp is securely fixed.

Tighten bottle cap. The bottle is fixed on the table, and
the robotic arm grips the cap and rotates to tighten it. At time
t1, the X-axis external torque increases suddenly, indicating
the arm has started applying wrist rotation. From ¢; to %o,
the arm continues rotating its wrist, while the X-axis torque
gradually rises and reaches a peak at ¢, indicating the cap
is fully tightened.

These experiments indicate that changes in end-effector
forces and torques effectively capture key phases of contact-
rich tasks. Peaks or sudden shifts in these values reli-
ably indicate the completion of interactions, highlighting
the importance of end-effector force feedback for real-time
perception and state estimation in robotic manipulation.

VI. CONCLUSION

We present FILIC, a dual-loop force-aware imitation learn-
ing framework that unifies a high-level Transformer policy



with a low-level impedance controller for compliant, contact-
rich manipulation. FILIC leverages a sensorless, Jacobian-
based end-effector force estimation, fused with RGB ob-
servations, while the inner impedance loop ensures torque-
level compliance. We develop two novel complementary data
collection approach using VR visual force feedback and
haptic vibrations, enabling efficient and safe force-aware
demonstrations. Experiments on a 6-DoF robot show that
replacing raw joint torque with estimated end-effector force
improves success rates and enables safer, more reliable con-
tact handling, highlighting that explicit force representation
and inner-loop compliance complement modern IL policies
without requiring expensive F/T sensors.

Future work. Limitations include reliance on accu-
rate kinematics/dynamics, fixed end-effector orientation con-
straints, and a limited evaluation set. Future work will expand
task diversity to full 6-DoF control, integrate tactile or event
cameras, enable real-time stiffness modulation with optimal
control, and explore VLA-based instruction following with
force-aware prompting and multi-task datasets.
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