
FORCA: A Force-Aware Coding Agent for
Contact-Rich Robot Manipulation

Xiao Tan1,∗, Yixuan Wang1,∗, Zhexi Wang1,2, Wenzhen Yuan1

Abstract—Coding agents can translate language instructions
into robot programs. For contact-rich manipulation, a key chal-
lenge is to generate and refine control logic that responds to phys-
ical interaction. We present FORCA, a coding agent that takes
visual observations and wrist force/torque (F/T) measurements
as input to write Python programs for contact probing and force-
responsive motion. Between executions, the agent inspects force
records alongside visual outcomes to diagnose failures and revise
both motion and force-feedback control logic. FORCA requires
no demonstrations, task-specific training, or simulation. Across
five real-robot tasks, we demonstrate its effectiveness in three
forms of contact-rich manipulation: improving manipulation
accuracy, adapting to changes in object or surface properties,
and regulating contact under surface variation and object motion.
Compared with a vision-only variant of the same agent, FORCA
improves grasp accuracy and task success and reduces contact
loss in wiping and peeling.

Index Terms—Force and tactile sensing, manipulation plan-
ning, embodied agents, contact-rich control.

I. INTRODUCTION

Coding agents based on foundation models turn open-ended
instructions into executable robot programs that compose
perception, grasping, and motion skills [1]–[4]. They ground
their decisions mainly in vision and proprioception, which is
often insufficient for contact-rich manipulation: occluded or
reflective surfaces yield uncertain geometry, mass and friction
are not visible, and maintaining contact requires responding
to surface variation and object motion.

Force and contact measurements complement vision by
providing evidence about contact states and mechanical re-
sponses that are difficult to infer from visual observations
alone. Learned policies exploit force and tactile signals for
reactive control but require demonstrations or robot data [5]–
[8]. Foundation-model agents have used force through compli-
ant or force-thresholded primitives [9], [10], inferred physical
properties largely from priors [11]–[13], and revised force
targets after failed attempts [14]. Supporting these diverse
tasks requires agents to determine when contact information is
needed, how it should guide ongoing motion, and how unex-
pected contact outcomes should inform subsequent attempts.

We present FORCA, a training-free coding agent that uses
wrist force/torque (F/T) sensing in both program execution and
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program revision (Fig. 1). It writes complete Python programs
with access to the measured wrench. During a rollout, the
program uses measurements from contact probes to guide
subsequent actions and uses live force feedback to regulate its
motion. Between rollouts, the agent relates the recorded force
traces to visual outcomes, diagnoses failures, and revises the
program.

FORCA addresses three types of contact-rich manipulation:
(i) precision manipulation, where force cues help refine grasp
poses and improve manipulation accuracy; (ii) physical adap-
tation, where actions must be adjusted to changes in object or
surface properties; and (iii) contact regulation, where motion
must respond to surface variation and object movement. We
evaluate FORCA on five real-robot tasks spanning these cate-
gories: drawer opening, door-handle operation, cube-to-target
knocking, vase wiping, and cucumber peeling. Compared with
a vision-only variant of the same agent, FORCA increases task
success from 40% to 100% for drawer opening and from 10%
to 100% for door-handle operation, while reducing contact-
loss rates in wiping and peeling from 40.6–55.9% to at most
2.2%.

Our contributions are twofold. First, we introduce a coding-
agent framework that generates task-specific motion and force-
feedback control logic from language instructions. The result-
ing programs use measured contact to refine grasp poses and
regulate motion during execution. Second, we extend program
refinement to the force-feedback logic itself, enabling coding
agents to revise how their programs respond to contact based
on evidence from real-robot execution.

II. RELATED WORK

Foundation-model agents for manipulation. Foundation
models generate robot programs and plans from language [1],
[2], ground manipulation in value maps or keypoint constraints
[3], [4], and revise plans from scene descriptions, success
detectors, or language feedback [15]; recent work benchmarks
coding agents for manipulation [16] and refines programs or
policies from real-robot experience [17], [18]. Their feedback
is visual, proprioceptive, or linguistic. Agents that do use
force expose compliant, force-thresholded primitives to code
generation [9], call force-feedback routines from a knowledge
base [10], or have a VLM output target wrenches that it revises
after a failed attempt [14]. To our knowledge, FORCA is the
first coding-agent framework to jointly generate task-specific
force-feedback control logic and revise that logic between real-
robot rollouts using recorded F/T traces and visual outcomes.
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Fig. 1. Overview of FORCA. The agent generates a task program that uses force feedback during execution. Recorded force, robot-state, and visual observations
inform revisions between rollouts. Generated routines and notes are retained for later reuse.

Contact-based perception and physical adaptation. Contact
complements vision with local observations of geometry and
interaction state: visuotactile estimators fuse vision, propri-
oception, and force under occlusion [19], and active tactile
exploration selects informative contacts to estimate pose and
shape [20]. Interaction also reveals latent properties, estimated
by active force-based methods [21] or inferred across repeated
trials by a learned memory [22]; these methods address a fixed
estimation problem with exploration designed or learned for
it. Foundation-model approaches infer properties largely from
priors [11], [14], by matching observations in a physics engine
[12], or through online system identification [13], and Matcha
[23] lets an LLM choose exploratory actions for material
recognition in simulation. In FORCA, the agent decides at
deployment time when a visual estimate is unreliable and
where to touch, and adapts a developed program to changed
physical conditions from measured interactions, without task-
specific training.
Force feedback for reactive manipulation. Force feedback
lets robots adjust their motion as contact conditions change.
It is widely used in compliant control and guarded motion
[24]–[26]. Learned policies add force or tactile feedback
to visuomotor control [5], [27]–[29] or fuse it into vision-
language-action models [6]–[8]. Classical methods rely on
thresholds and nominal traces specified per task, and learned
policies require demonstrations or robot data. FORCA builds
on the same control principles but has the agent write the
force-responsive controller at deployment time and revise it
from the recorded F/T trace.

III. METHOD

Given a language instruction and RGB-D observations,
FORCA writes a Python code with access to wrist force/torque
(F/T) measurements. The program executes on the robot
without querying the foundation model. After execution, the
agent reviews the recorded interaction and revises the code
(Fig. 1). We refer to one execution of a program as a rollout.

A. Force-Aware Program Synthesis

For each task, the agent generates a Python task program
that specifies the action sequence and the force-dependent
motion logic. To construct this program, the agent has ac-
cess to an initial skill codebase for perception, grasping,
motion planning, and pick-and-place, assembled from open-
source components under human supervision. These prede-
fined modules provide object pose estimates, grasp candidates,
and collision-free trajectories computed with PyRoKi [30].
Figure 2 illustrates these modules as the robot acquires a
whiteboard eraser for the instruction “Wipe the vase.”

The agent writes the force-dependent logic for each task
using wrist wrench measurements exposed by the robot inter-
face. For example, this logic can specify when an approach
should stop or how motion should respond to a force error.
To implement these behaviors, the agent can modify existing
routines or add measurement and control code as needed.

B. Contact-Responsive Execution

During a rollout, the generated program uses F/T measure-
ments to guide subsequent actions and adjust ongoing motion.
The conditions and feedback rules governing these responses
are encoded in the program and executed without querying the
foundation model.

Contact measurements can inform actions by refining the
geometric estimates on which they depend. For example, the
program can probe a surface before grasping, specifying both
the probing motion and the force condition used to detect
contact. The robot pose at contact, together with the tool
geometry, provides an updated estimate of surface height or
grasp position. Subsequent motions use this estimate within
the same rollout.

For actions that require sustained contact, the program
uses live force feedback to regulate motion. A host-side
100 Hz loop reads the wrench and robot state over RTDE
and updates Cartesian velocity commands according to the
generated control logic. This logic can adjust motion based
on the difference between measured and target force, or pause
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Fig. 2. Predefined skill modules. The agent is initialized with these modules, assembled from open-source components under human supervision.
(a) SAM 3 [31] localizes the tool named in the instruction. (b) GraspGen [32] proposes candidate grasps, and the VLM selects one. (c) PyRoKi [30]
plans the trajectory. (d) The robot executes the resulting routine to acquire the tool.

1 Task input and initial program
User: “Peel this cucumber.”

Current program (simplified)

length = cucumber length (camera)
every 10 ms, until the end:

force = blade force on the skin
raise/lower blade: force → 6 N
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Run 1: the robot peels while logging the
blade force.

3 Collect execution results
skin left in 3 places
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4 Diagnose the failure
Coding agent compares the force log with
the camera:

blade off the skin (force < 1 N)
53–62, 92–101, 138–148 mm
skin left (camera)
53–62, 92–101, 138–148 mm

• Skin is left exactly where the blade lost contact
(force < 1 N).

5 Revise the program
Agent’s fix

every 10 ms, until the end:
...
slide forward at 20 mm/s
# wait for contact
# before moving on
slide at 20 mm/s

if force > 4.5 N,
else stay in place

6 Repeat until success
Run N: one
continuous strip;
force stays above
3.4 N.

Repeat until success or the iteration
budget is reached.

Fig. 3. Illustrative program revision for cucumber peeling. The agent compares force records with visible peeling gaps and adds a condition that pauses
forward motion until contact is restored. Photos are from real runs; force traces and skin patches are idealized, and the code is simplified.

forward motion when contact is insufficient and resume it once
contact is restored.

C. Execution-Grounded Program Revision
After each rollout, the agent inspects visual observations

alongside the recorded force and robot-state traces. The agent
can write analysis code to examine relevant time windows and
relate force changes to robot motion and visible outcomes.

The agent uses these records to identify possible causes
of failure and revise the relevant code. Changes can affect
motion parameters or contact conditions, and can also modify
the control logic or action sequence. Figure 3 illustrates one
such revision in cucumber peeling. Skin remains exactly where
the recorded force shows that the blade lost contact, so the
agent makes the blade wait for contact before moving on.

Before execution, checks screen the revised code and
planned motions for errors, reachability, and workspace vi-
olations. Revision stops when the agent declares the program
converged or when either the rollout or wall-clock budget is
exhausted. Development budgets and evaluation protocols are
described in Sec. IV-A.

IV. EXPERIMENTS

We consider three ways in which force/torque feedback can
benefit manipulation: (i) improving manipulation accuracy, by
complementing visual estimates with contact-based geomet-
ric information to refine grasp poses and guide subsequent
actions; (ii) adapting to physical changes, by providing evi-
dence about how object properties affect action outcomes to
adjust manipulation accordingly; and (iii) regulating contact,
by using live force measurements to adjust ongoing motion
and maintain contact as surfaces vary or objects move. Our
experiments evaluate how effectively FORCA uses contact in-
formation across these three settings, combining comparisons
against a vision-only agent with case studies of the generated
programs. We additionally examine how FORCA revises its
programs across iterations and the time and robot interactions
required.

A. Experimental Setup and Protocol

Hardware and agent. Experiments use a UR5e arm with wrist
force/torque sensing, a WSG-50 gripper, and a fixed RealSense
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Fig. 4. Example rollouts and outcome comparisons. (a) Drawer opening and (b) door-handle operation. Panels 1–3 show FORCA estimating geometry
visually, refining it through contact probing, and grasping to pull the drawer or turn the handle. In (a1), dashed and solid outlines mark the estimated pre-grasp
and grasp poses; the axes indicate closing and approach directions. Numbered markers in (a2) identify three probe locations on the drawer knob. In (b2),
orange markers indicate fingertip contacts, and blue shading marks the door-panel position confirmed by contact. Panels (a4) and (b4) compare example
outcomes: the vision-only agent misses the drawer grasp and loses its grip on the door handle, while FORCA opens both mechanisms. The dashed circle and
red arrow in (b4) mark the fingertip-only grasp and the handle’s rebound after slipping.

D455 RGB-D camera. The coding agent uses Claude Fable
5 for all analysis and code writing. The initial skills are
described in Sec. III.
Execution and evaluation. The agent generates a complete
task program, executes it, inspects the resulting records, and
revises the program. One rollout consists of the agent writing
or revising the task program and executing it once on the real
robot. Each run is limited to 20 rollouts and 4 hours of wall-
clock time. The run stops when the agent declares the program
converged, after which we freeze the final program and run
it over repeated trials and assess the physical task outcome;
otherwise, it ends when either limit is reached. A rollout whose
execution reaches the hard-coded 30 N force limit is stopped
and counted as a failure. Human involvement is limited to
execution authorization, scene operations, and final acceptance
assessment.
Baseline policy. We compare FORCA with a vision-only
agent that uses the same foundation model, task instructions,
and basic skills, but has no access to force/torque data in
program generation, revision, or execution: it receives no live
or recorded wrench and no force-responsive control routines.
Its programs guide motion with visual observations and robot
state, and the agent can write visual feedback code and in-
spect visual outcomes when revising them. Robot-level safety
protections remain active but do not expose force data to the
agent, and the force recordings used for offline evaluation are
withheld from it.

B. Results and Analysis

1) Tasks Requiring Precise Manipulation We evaluate
whether force cues improve manipulation accuracy and task
success on drawer opening and door-handle operation. Both

TABLE I
GRASP ACCURACY AND TASK SUCCESS FOR DRAWER OPENING AND
DOOR-HANDLE OPERATION. GRASP ERRORS: MEAN ± STD. OVER 10

TRIALS.

Task Method
Trans. err.

(mm) ↓
Rot. err.

(◦) ↓
Success
(%) ↑

Drawer Vision-only 8.3± 5.4 9.6± 3.2 40
FORCA 5.3± 1.6 1.0± 0.3 100

Door Vision-only 65.3± 16.9 55.5± 14.9 10
FORCA 20.0± 0.9 0.6± 0.5 100

tasks require the robot to locate and grasp a handle before
actuating the mechanism. The drawer is transparent, making
its handle difficult to localize precisely from vision alone.
Contact probing provides additional geometric information to
refine the grasp pose. We compare FORCA with the vision-only
agent using translational and rotational grasp error and task
success rate (Table I). For each task and method, we execute
the frozen program for 10 trials and report the success rate
and grasp errors across these trials. FORCA achieves lower
translational and rotational grasp errors and succeeds in all
10 trials on both tasks (100%), whereas the vision-only agent
succeeds in only 4/10 trials on drawer opening and 1/10 on
door-handle operation. Section IV-D examines how the door-
handle programs were developed, with detailed failures and
revisions documented in Table V.

2) Tasks Requiring Adaptation to New Physical Conditions
We evaluate physical adaptation on a cube-to-target task, in
which the robot knocks an object so as to make it slide to a tar-
get region. The robot must adjust its knocking motion to send
the object far enough to reach the target without overshooting.
The object’s mass and contact geometry affect its response
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attempt (0: inside), starting from the program developed for the cube on the
whiteboard.

to the impact, while friction with the supporting surface
influences its subsequent deceleration and stopping distance.
Consequently, the same knocking motion can produce different
final positions when the object or surface changes.

We ask whether a program developed under one physical
condition can be reused when the object’s response changes,
and how many additional interactions it needs to complete the
task again. We vary the object, using a cube and a cylinder
that differ in both shape and mass (61.9 g and 663.6 g), and
the surface, using a whiteboard and a woodboard that differ
in friction (Fig. 5(b)). These variations change how far the
object travels in response to a knock while preserving the task
objective.

The evaluation has two stages. In the development stage,
FORCA builds a knocking program from scratch for the cube
on the whiteboard, the reference configuration (Table IV).
In the reuse stage, we change the object or the surface and
let FORCA continue from the developed program. After each
attempt, it reviews the measured interaction forces together
with the observed final object position and revises the program.
Figure 6 shows the distance from the object to the target
band after each attempt, and Fig. 5(a) shows illustrative
landing positions across attempts. In each of the three new
configurations, the retained program reached the target band
within a few additional iterations, far fewer than developing it
from scratch required (Table IV). The interaction experience of
FORCA is thus kept in executable code, which remains usable,
and can be revised, when physical conditions change.

TABLE II
VASE WIPING RESULTS AVERAGED OVER 10 TRIALS.

Vase Method
Removal

(%) ↑
Contact

loss (%) ↓
Max.

force (N) ↓

Static Vision-only 73 42.6 11.8
FORCA 99 0.7 11.3

Hand-held Vision-only 21 55.9 17.5
FORCA 93 1.6 12.3

TABLE III
PEELING A HAND-HELD CUCUMBER (AVERAGED OVER 10 TRIALS)

Method
Contact

loss (%) ↓
Excessive

force (%) ↓
Peeling

ratio (%) ↑

Vision-only 40.6 13.4 37.4
FORCA 2.2 2.7 81.1

3) Tasks Requiring Online Contact Regulation We evaluate
force-responsive execution on vase wiping and cucumber
peeling. Wiping tests whether programs refined on a stationary
surface remain effective when the object moves. Peeling tests
whether the robot can maintain contact along an uneven
surface while avoiding excessive force.
Vase wiping. The robot uses a whiteboard eraser to remove a
marker line from a vase. We consider two settings: a static vase
resting on a table and a hand-held vase that a person translates
and rotates during wiping. We evaluate both methods after
iterative program refinement in the static setting, then deploy
the statically refined programs in the hand-held setting without
further program revision.

Table II reports the marker-removal ratio, contact-loss rate,
and maximum force for both methods in each setting. The
marker-removal ratio is the percentage of the original mark
removed, measured from before/after images. After iterative
refinement, both methods achieve high marker removal on the
static setup. The vision-only program improves by repeatedly
adjusting trajectory offsets to the fixed surface, while FORCA
uses force feedback to correct motion during contact. When
transferred to the hand-held setting, the tuned offsets become
inadequate as the vase moves, reducing removal and increasing
contact loss. FORCA adjusts its motion to the moving surface
and maintains more consistent contact. Figure 7 shows the
wiping outcomes and corresponding force traces.
Cucumber peeling. The robot peels a longitudinal strip from a
cucumber held by a person. We compare the vision-only agent
and FORCA using contact-loss rate, excessive-force rate, and
peeling ratio (Table III). The peeling ratio is the total newly
peeled length divided by the intended strip length; separated
peeled segments contribute their individual lengths, excluding
unpeeled gaps. Excessive-force rate measures the proportion
of active peeling time above an upper contact-force threshold,
capturing sustained over-pressing that a peak-force value alone
cannot characterize.

FORCA follows the cucumber surface with force-responsive
motion and produces a more continuous peeled strip. The
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Fig. 7. Vase wiping: (a) static vase and (b) zero-shot transfer to a hand-held vase. Each panel shows representative outcomes (top), execution frames
(middle), and force traces (bottom). Both programs are refined in the static setting and transferred without further revision. As the vase moves, FORCA maintains
more consistent contact and high marker removal, whereas the vision-only program exhibits contact loss and large force variations, leaving substantial residual
marks.

vision-only program exhibits contact interruptions and exces-
sive pressing, leaving gaps in the peeled strip. Figure 8(a, b)
shows representative peeling outcomes, and Fig. 8(c, d) relates
the observed contact behavior to the force traces.
Contact metrics. Pressing force is the tool-normal force
projection for wiping and the base-frame z force component
for peeling. Contact-loss rate is the percentage of active task
time spent in intervals where the pressing force stays below
a contact threshold, 1.5 N for wiping and 0.8 N for peeling,
for at least 0.2 s. Excessive-force rate uses Fhigh = 10N, the
upper threshold for acceptable peeling force, and maximum
force is the largest pressing-force sample during wiping. Both
rates include pauses for contact recovery and exclude the initial
approach and deliberate lift-off. Force traces are recorded for
offline evaluation with the same definitions for both methods;
neither the vision-only agent nor its programs can access them.

C. Program Development Cost

Table IV reports the number of iterations FORCA used on
each task and the mean time per iteration spent on agent
reasoning and on robot motion. Agent reasoning takes most
of each iteration, 4–10 min against 1–3 min of robot motion.
Wiping and peeling used the full budget of 20 iterations.

D. Iterative Program Revision

During iterative revision, the agent uses execution feedback
to diagnose failures and update its program between rollouts.
To illustrate this process, we present door-handle operation as
a case study and analyze one development run of each agent.
Door-handle case study. Figure 9 shows representative his-
tories of iterative program development for FORCA and the
vision-only agent. Each marker sits at the stage where that
iteration’s execution failed, so reading the markers in order

(a) Hand-held peeling (b) Strip coverage
Blade contact FORCA 90.6% peeled

Peeled

Vision-only 28.9% peeled

Peeled

(c) Key frames
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Fig. 8. Cucumber peeling rollouts. (a) Hand-held setup and a magnified view
of the boxed blade–surface contact. (b) Peeled strips after one representative
pass, covering 90.6% of the intended length for FORCA and 28.9% for the
vision-only agent. (c) Execution frames at the marked instants. (d) Normal
contact force. Shaded intervals indicate contact loss; the blue band marks the
4.5–7.5 N target range, and the dashed line marks the 30 N force limit.

shows how far each revision got. The dominant failure modes
differ. FORCA failed mostly at press down: the handle turned
but the latch did not release. It resolved this from the force
recorded while pressing, where a sharp rise in resistance marks



TABLE IV
DEVELOPMENT ITERATIONS AND MEAN TIME PER ITERATION. FOR NEW

CUBE CONFIGURATIONS, THE COUNT IS THE MEAN NUMBER OF
REVISIONS AFTER THE FIRST EXECUTION, AVERAGED OVER THREE

CONFIGURATIONS.

Task Iterations
Agent reasoning
(min / iteration)

Robot motion
(min / iteration)

Door handle 17 10 3
Drawer 8 5 1.5
Cube-to-target, from scratch 13 4 1
Cube-to-target, new condition 2 4 1
Vase wiping 20 4 1
Cucumber peeling 20 5 1.5
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Fig. 9. Door-handle development histories. Each marker denotes an
execution at its failure stage or at task completion. Executions 18–20 repeat
FORCA’s final program. Detailed failures and revisions are listed in Table V.

the end stop, and then fixed the remaining failures in pulling
and releasing. The vision-only agent failed mostly at grasp and
pull open. It adjusted the grasp and commanded press angle
using images alone and could press the handle down, but the
handle repeatedly slipped out of the gripper before the door
opened. Table V documents the failures and corresponding
program revisions in both histories. The revision after execu-
tion 16 adds an angle condition for accepting an end stop and
a force-drop condition before pulling. These checks change
how contact evidence governs transitions between actions,
illustrating refinement of the force-feedback logic itself.

V. LIMITATIONS

Our evaluation leaves several open questions about the cost
and scope of deployment-time adaptation.

(i) Iteration cost. Each iteration takes several minutes, with
agent reasoning accounting for most of the time (Table IV).
The current refinement process also relies on real-robot roll-
outs. Future work could investigate ways to reduce reasoning
overhead and whether preliminary program refinement in
simulation can reduce physical trials, while evaluating how
well the resulting programs transfer to the robot.

(ii) Contact sensing. FORCA relies on wrist wrench mea-
surements for contact feedback. These measurements capture
the combined effects of contact but do not directly reveal
where contact occurs or how forces are distributed across the
fingers. This limits the contact information available to the
agent. Future work could explore distributed tactile sensing
and evaluate its usefulness for contact diagnosis and finer
manipulation.

(iii) Task complexity. For tasks involving longer action
sequences or tighter force constraints, the agent may struggle
to diagnose failures and revise the program effectively, failing
to produce a successful program even after repeated attempts.
Future work could investigate whether improved reasoning and
tool use help the agent solve such tasks.

VI. CONCLUSION

We presented FORCA, a coding agent that learns at deploy-
ment time by generating and revising robot programs using
force feedback. Our real-robot experiments show that FORCA
can refine geometric estimates through contact, adapt existing
programs to changed physical conditions, and maintain contact
during wiping and peeling, without task demonstrations or
task-specific model training.

We view this as a step toward deployment-time learn-
ing in which physical experience accumulates in executable,
inspectable programs. Over repeated deployments, an agent
could retain useful contact routines together with evidence
about when they work, then revise them as conditions change.
Further progress requires more reliable reasoning from contact
signals and a more efficient revision process, so that agents can
solve complex tasks with fewer physical trials and manual
resets. Policies learned through imitation or built on vision-
language-action models could also serve as skills within these
programs. The agent would coordinate sensing and skill exe-
cution, and revise the program based on execution feedback.
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