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Abstract—While Large Language Models (LLMs) and Vision-
Language Models (VLMs) demonstrate remarkable capabilities
in high-level reasoning and semantic understanding, applying
them directly to contact-rich manipulation remains a challenge
due to their lack of explicit physical grounding and inability
to perform adaptive control. To bridge this gap, we propose
CoRAL (Contact-Rich Adaptive LLM-based control), a modular
framework that enables zero-shot planning by decoupling high-
level reasoning from low-level control. Unlike black-box policies,
CoRAL utilizes Large Language Models (LLMs) not as direct
controllers, but as cost designers that synthesize context-aware
objective functions for a sampling-based motion planner (MPPI).
To address the ambiguity of physical parameters in visual
data, we introduce a neuro-symbolic adaptation loop: a Vision-
Language Model provides semantic priors for environmental
dynamics (e.g., mass, friction estimates), which are then explicitly
refined in real-time via online system identification, while the
LLM iteratively modulates the cost function structure to correct
strategic errors based on interaction feedback. Furthermore, a
retrieval-based memory unit allows the system to reuse successful
strategies across recurrent tasks. This hierarchical architecture
ensures real-time control stability by decoupling high-level se-
mantic reasoning from reactive execution, effectively bridging the
gap between slow LLM inference and dynamic contact require-
ments. We validate CoRAL on both simulation and real-world
hardware across challenging and novel tasks, such as “flipping
objects against walls” leveraging extrinsic contacts. Experiments
demonstrate that CoRAL outperforms state-of-the-art VLA and
foundation-model-based planner baselines by boosting success
rates over 50% on average in unseen contact-rich scenarios,
effectively handling sim-to-real gaps through its adaptive physical
understanding. Website: https://sites.google.com/view/lira-coral

I. INTRODUCTION

Foundational models have demonstrated significant success
in various fields, leading to increased efforts to apply these
models within robotics [4, 25]. Typically, these models are
integrated into robotic control pipelines through imitation
learning, most notably in the form of Vision-Language-
Action (VLA) systems [22, 34, 24]. However, existing VLA
frameworks struggle to effectively handle contact-rich manip-
ulation tasks, which constitute a substantial portion of daily
interactions [7, 30, 29]. In this work, we specifically refer to a
challenging subset of these tasks as contact- and force-critical,
where success depends not merely on geometric collision
avoidance, but on the precise, active regulation of extrinsic
contact forces to manipulate objects (e.g., pivoting against
a wall - Fig. 1). These tasks pose significant challenges, as

Fig. 1: Real-world execution of CoRAL across six different
manipulation tasks.

they require not only precise trajectory planning but also
sophisticated interaction force management and adaptive con-
trol strategies. Achieving success in such complex scenarios
typically necessitates extensive training through teleoperation
or detailed dynamic modeling, methods that are labor-intensive
and reduce generalizability.

Humans, by contrast, rely on initial estimations, subse-
quently refine their strategies based on sensory feedback, and
adjust interactions accordingly [5, 11, 14]. Similar to this
cognitive framework, we propose a novel modular system,
Contact-Rich Adaptive LLM-based Control (CoRAL), that
integrates reasoning, planning, and control modules into a
cohesive architecture. Our model begins by estimating 6-DoF
object poses from RGB-D data using FoundationPose [27],
and then a VLM generates semantic beliefs regarding physical
parameters such as mass and friction from the estimated object
poses, the environment image, and the textual task description
(Fig. 2). The planning stage generates initial contact strategies
and actions, which are executed in the evaluation environment
through reactive control modules. The outcomes from these
actions are continuously monitored, with the interaction his-
tory and control feedback being used for iterative refinement
of plans.

https://sites.google.com/view/lira-coral
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Fig. 2: The conceptual workflow of CoRAL, illustrated with the “pick the cutting board” task.

A key innovation of our approach is the strategic inte-
gration of vision and Large Language Models (LLMs) with
motion planners and controllers, substantially enhancing action
explainability and enabling more effective reasoning. Our
modular structure clearly delineates roles: vision module man-
ages parameter estimation for environment modeling, while
LLM provides symbolic reasoning, initial contact strategies,
and cost estimations. The reactive controller then applies
these symbolic outputs in the evaluation world, establishing a
tight feedback loop between high-level strategy and low-level
sensory information. Our main contributions are:

• We propose a novel framework that employs Large
Language Models (LLMs) not as direct controllers, but
as context-aware cost designers for a high-frequency
motion planner, enabling zero-shot planning for dynamic,
contact- and force-critical manipulation.
We introduce a modular architecture that decouples per-
ception (providing semantic physics priors) from rea-
soning (formulating control objectives). This separation
offers a transparent and adaptive alternative to monolithic
VLA architectures, allowing the system to maintain ro-
bustness even when initial visual estimates are imperfect.

• We develop a hierarchical closed-loop mechanism where
reactive control ensures contact stability, while a slower
LLM-driven loop performs online system identification
to adapt physical parameter beliefs and strategy mid-
execution.

• Our framework’s long-term adaptability is enhanced by a
retrieval-based memory unit that stores successful physi-
cal parameters and contact strategies to bootstrap effective
solutions for novel, yet semantically similar tasks.

We evaluate CoRAL on a challenging suite of manipulation
tasks, including novel contact- and force-critical problems,
such as picking up a thin object from a table and standardized
benchmarks from the LIBERO suite [18]. Furthermore, we
validate the system’s robustness against real-world physical
uncertainties by deploying it on a physical robot. Our experi-
ments and detailed ablation studies confirm that this modular
structure offers a robust, data-efficient alternative for contact-
rich manipulation, providing explainability and adaptability in
zero-shot regimes where end-to-end models struggle.

II. RELATED WORK

From End-to-End Policies to Decoupled Reasoning.
Foundation models have shifted robotic manipulation towards
VLA models learning general-purpose policies [4, 22]. Lead-
ing examples like OpenVLA [13], π0 [2], and RT-X [23]
directly map multimodal inputs to low-level actions. While
powerful, their reliance on imitation learning makes them data-
dependent and often brittle in novel physical scenarios in-
volving complex contact dynamics. To overcome this, emerg-
ing frameworks decouple high-level reasoning from low-level
control. ThinkAct [8], Inner Monologue [9], and ECoT [32]
leverage LLMs to generate reasoning steps guiding separate,
learned policies. Similarly, MolmoAct [15] produces mid-
level spatial plans, while OneTwoVLA [16] formalizes this as
System 1 (acting) and System 2 (reasoning). CoRAL aligns
with this decoupling but takes a distinct neuro-symbolic path:
we ground LLM reasoning directly in a controller rather than
a learned model.

Integrating Foundation Models with Motion Planners
and Controllers. Alternatively, foundation models can guide
traditional motion planners using semantic understanding.
VoxPoser [10] and IMPACT [17] use VLMs to generate
static 3D cost maps for planners like MPPI or RRT*, while
VLMPC [33] embeds a VLM within an MPC [6] loop. In
code generation, Eureka [20] and DrEureka [21] synthesize RL
reward functions but operate offline. Closest to our approach,
Language-to-Rewards (L2R) [31] generates rewards for real-
time MPC. However, L2R relies on static physical assumptions
and lacks mechanisms to correct model mismatches during
execution. CoRAL advances this by elevating the LLM to a
high-level strategist capable of online adaptation. Rather than
merely identifying goals, our LLM formulates the structure of
the MPPI [28] cost function and symbolic contact strategies,
grounding commonsense reasoning directly into the optimal
control problem.

Tackling Contact-Rich Manipulation. Contact-rich ma-
nipulation requires nuanced force control beyond simple
trajectory generation. Recent works like ForceVLA [30],
TLA [7], VLA-Touch [1], RDP [29], and FACTR [19] explic-
itly integrate force or tactile data into learned policies. While
effective, this hardware-centric approach creates a data bot-



tleneck, requiring difficult-to-collect specialized multimodal
datasets [4]. CoRAL leverages real-time force feedback within
the MPPI controller but eliminates the need for prior demon-
stration datasets. We use the LLM to formulate high-level
strategies and cost functions explicitly reasoning about forces,
which the controller executes adaptively. This neuro-symbolic
approach combines physical sensing with zero-shot reasoning,
avoiding the imitation learning bottleneck while achieving
precise, force-aware control.

III. METHODOLOGY

CoRAL is a neuro-symbolic framework designed for zero-
shot, contact-rich manipulation. It strategically decouples high-
level reasoning from low-level control by integrating a vision
pipeline that continuously tracks object poses and enriches
the world model with semantic physics priors inferred by the
VLM, an LLM acting in two distinct roles (Task Formulation
and Online Adaptation), a Memory Unit for experience re-
trieval, and a Model Predictive Path Integral controller (MPPI)
for reactive execution. The overall architecture, which features
nested feedback loops for rapid and robust adaptation, is
illustrated in Figure 3. Below, we detail each component of
this architecture.

A. Environment Perception and World Model Initialization

The first step is to translate raw visual, textual, and geomet-
ric inputs into a structured, physics-aware world model. Our
perception pipeline achieves this through a two-stage process
that first establishes the geometric state of the scene and
then initializes it with semantic physical beliefs. The process
involves two core steps:

1) Pose Estimation and Tracking: We employ Founda-
tionPose [27], a state-of-the-art pose estimation model,
to determine and continuously track the 6-DoF poses
of all interactable objects. This model takes the RGB-D
camera images I , and the known 3D geometric models
of the objects, M , as input. The output is a real-time
stream of estimated pose data for each object in the
scene.

2) Semantic Physics Priors: Direct estimation of physical
dynamics from static images is ill-posed. Therefore,
we utilize the VLM not as a ground-truth estimator,
but to generate semantic priors. Given the visual input
and task context T , the VLM infers likely physical
properties (e.g., distinguishing a ”heavy metal tool” from
a ”light foam block”). These priors initialize the mass
and friction coefficients in θ, which are explicitly treated
as beliefs subject to refinement by the online adaptation
module.

The combined output of this perception pipeline is a struc-
tured set of world parameters, θ. For each object, θ contains
its semantic label (derived from the input 3D model), its con-
tinuously tracked pose from FoundationPose, and its semantic
physics priors from the VLM. These parameters are crucial as
they are used to initialize and continuously update the internal
Planning World that the MPPI planner operates on.

While our current implementation focuses on mass and
friction—the dominant parameters for rigid-body contact dy-
namics in our evaluated tasks—the framework is intentionally
designed to be parameter-agnostic. The VLM prompt and
JSON schema (detailed in supplementary material) can be
extended to query additional properties such as stiffness for
soft objects, damping coefficients for viscous interactions, or
center-of-mass offsets for asymmetric objects. Such properties
can be incorporated into MPPI’s rollout dynamics without
architectural changes, enabling broader deployment beyond
rigid-body manipulation.

B. LLM-driven Task Formulation and Memory Retrieval

With the perceived world, the system formulates a concrete
plan. This is handled by the ‘LLM (Task Formulation)’ mod-
ule, which can generate a plan from scratch or leverage past
experiences from the ‘Memory Unit’.

Memory Retrieval: Before invoking the LLM, the system
queries the ‘Memory Unit’ with the current world parameters θ
and natural language task description T . Our memory module
is based on Retrieval-Augmented Generation (RAG), storing
successful “experience episodes” indexed by task definitions
and environmental parameters. Instead of relying on prede-
fined similarity metrics, the LLM embeds the current task
into a latent semantic space to retrieve the most relevant past
experience:

(Jmem, Cmem) = RAGRetrieve(T, θ) (1)

where Jmem denotes the final cost function that led to a suc-
cessful episode, and Cmem denotes the corresponding contact
strategy. If a sufficiently similar and successful past experience
is found, its stored plan (Jmem, Cmem) is retrieved and used as
the initial plan, bypassing the initial LLM call and accelerating
performance.

Plan Generation from Scratch: If no suitable memory is
found, the ‘LLM (Task Formulation)’ module is invoked. It
acts as a high-level strategist, translating the task T and world
parameters θ into a formal optimization problem. Its output is
an initial plan tuple (J0, C0), where:

• Initial MPPI Cost Function (J0): The LLM generates
the mathematical structure and relative weights of a cost
function. Specifically, for a given task, the LLM provides
a structured cost functional, for instance:

J0(x0:H ,u0:H−1) =

H−1∑
t=0

[
wd

∥∥ptarget − pobj(t)
∥∥2

+ wc I{no contact at t}

+ wu ∥ut∥2
]

(2)

Here, the weights wd, wc, wu and the cost terms are de-
termined by the LLM based on the task description (e.g.,
for a pushing task, wc would be high). In the example
cost function, pobj(t) is the object’s tracked position at
time t, and I{·} is an indicator function penalizing the
absence of contact. This expression is only an illustrative
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Fig. 3: The overall architecture of the CoRAL framework. Given an input image I , object models M and task description T ,
the vision module extracts world parameters θ. If the Memory Unit finds a similar successful experience, its retrieved plan
(Jmem, Cmem) is used to guide the MPPI controller. Otherwise, the LLM (Task Formulation) module generates an initial plan
(J0, C0). The system then enters the main execution cycle, which is governed by two nested feedback loops labeled (1) and
(2). (1) The Inner Loop is a high-frequency re-planning cycle. At each step, the MPPI, guided by the current plan, generates
an action ut based on the latest ‘State Metrics’. This loop (‘Retry’) continues until the task succeeds or a refinement is needed.
(2) The Outer Loop is a low-frequency, high-level adaptation cycle. If the inner loop fails persistently, the ‘Refine’ path is
taken, where the LLM (Online Adaptation) updates both the world model parameters (θ) for the ‘Planning World’ and the
strategic ‘Refined Plan (Jt, Ct)’ for the MPPI. Successful episodes are stored back into the Memory Unit.

example: in general, the LLM is free to introduce any
cost terms constructible from the available state, pose,
and action variables, and is not restricted to a fixed finite
set of cost terms. Moreover, the LLM can solve the task in
stages by defining separate cost functions and specifying
conditions for transitioning between stages.

• Initial Contact Strategy (C0): To bridge the gap be-
tween abstract task descriptions and continuous geometry,
we employ the LLM as a high-level semantic heuristic
to predict a coarse region of interest from the task
description. The LLM outputs a nominal reference point
cref in the object’s local frame and a spatial expansion
factor r. A procedural helper then constructs an ellipsoid
E(cref ,A) centered at cref , with axes A aligned with
the object’s principal geometric axes and scaled by r.
Crucially, this expansion serves as a spatial buffer that
compensates for the imprecision of LLM-generated co-
ordinates: even if cref deviates from the ideal contact
location, r ensures the valid contact manifold R still
covers the optimal region. The valid contact manifold
is defined as R = ∂O ∩ E(cref,A). We then sample
candidate target points from this manifold to form the
strategy set: C0 =

{
xdes | xdes ∼ Unif

(
R
)}

. Finally, a
target xdes ∈ C0 is integrated into the optimization not as
a hard constraint, but as a soft cost attractor in J0 (e.g.,
wattr∥peef−xdes∥2). This formulation creates a “stretched”
cost landscape: it biases MPPI sampling toward the
semantic region of interest while, due to the soft penalty,
still allowing deviation to find the dynamically optimal
contact point within that vicinity, improving robustness
to perception noise.

C. Reactive Planning and Execution (The Inner Loop)

The core of our system is a high-frequency, reactive execu-
tion cycle governed by the MPPI controller. This corresponds
to the Inner Loop (1) in Figure 3. To address the latency
challenges inherent in LLM inference, we implement a strict
hierarchical control architecture:

• Tier 1 (Hardware Level): Joint impedance control run-
ning at 1kHz guarantees safety and compliance during
physical interaction.

• Tier 2 (Trajectory Level): The MPPI planner runs at
10Hz, sampling trajectories based on the current cost
function Jt.

• Tier 3 (Reasoning Level): The LLM operates asyn-
chronously (∼1Hz) to update the cost structure periodi-
cally.

MPPI Formulation: The MPPI controller solves a stochastic
optimal control problem at each timestep. Given a state-
transition model xt+1 = f(xt, ut) + ϵt, where xt is the state,
ut is the target end-effector delta pose, and ϵt is system noise,
the objective is to find U = {u0, . . . , uH−1} minimizing the
expected total cost:

U∗ = argmin
U

E

[
ϕ(xH) +

H−1∑
t=0

q(xt, ut)

]
(3)

where ϕ(xH) is a terminal state cost and q(xt, ut) is the
running cost at each step, directly defined by the LLM-
generated cost function J0 (see Eq. 2 for an example structure).
MPPI approximates this optimization by:

1) Sampling K control sequence perturbations δUk ∼
N (0,Σ) from a Gaussian distribution.



2) Creating K rollout trajectories by applying the perturbed
control sequences Vk = Uprev + δUk in the ‘Planning
World’.

3) Calculating the total cost S(Vk) for each of the K
trajectories.

4) Computing an exponentially weighted average of the
perturbations to update the control sequence:

Unew = Uprev +

K∑
k=1

wkδUk,

where wk =
exp

(
− 1

λS(Vk)
)∑K

j=1 exp
(
− 1

λS(Vj)
) (4)

Following the receding horizon principle, only the first action,
u0, of the newly optimized sequence Unew is executed.

Reactive Control Augmentation: To achieve robustness
against the inherent sim-to-real gap, we augment the nominal
planned action with a real-time feedback term. The final
control command νt sent to the robot is:

νt = ut +Kf · (xdes − xmeasured) (5)

where ut is the action computed by MPPI, the error term
is calculated from real-time sensors (e.g., force/torque, pro-
prioception), and Kf is a feedback gain matrix. This ‘Retry’
loop continues at a high frequency, constantly re-planning and
correcting based on physical feedback.

D. Online Adaptation via LLM-driven Refinement (The Outer
Loop)

After a predefined number of attempts, a hyperparameter
we denote as Nretry, the system triggers the low-frequency
Outer Loop (2). This invokes the ‘LLM (Online Adaptation)’
module, which acts as a diagnostician and re-strategist.

The input to this module is the logged episode data Et,
which contains the history of states, actions, the contact
strategies and cost functions that were used, and the estimated
physical parameters that led to the failure. By analyzing this
rich context, the LLM performs two critical functions:

1) World Model Correction: Acting as a system identifi-
cation agent, the LLM refines the semantic priors. For
example, if the robot pushes an object but the object
moves less than predicted, the LLM can infer that its
initial estimate of the object’s mass was too low and
output an ‘Updated θ’.

2) Strategy Refinement: The LLM can also alter the plan
itself. It might change the weights of the cost function
(e.g., prioritizing force control over position accuracy)
or propose an entirely new contact strategy. This results
in a ‘Refined Plan (Jt, Ct)’.

This refined world model and plan are then fed back into the
inner loop, allowing the system to learn from its failures and
adapt its entire approach within a single task execution.

IV. EXPERIMENTS

We conducted a series of experiments in a simulated en-
vironment, complemented by a real-world validation study, to
rigorously evaluate the performance of CoRAL. Our evaluation
is designed to answer four key research questions: (RQ1) How
does CoRAL perform on complex, contact-rich manipulation
tasks in a zero-shot setting compared to state-of-the-art base-
lines? (RQ2) How critical is each core component of our
neuro-symbolic architecture—specifically the vision/language
model role separation, the online refinement loop, and the
memory unit—to the overall success? (RQ3) Can the system
demonstrate robustness and adaptability by reasoning about
and recovering from failures? (RQ4) Can CoRAL’s perfor-
mance be effectively carried to a real system?

Testing Environments: The simulated experiments were
conducted in the evaluation world, implemented using ROBO-
SUITE library [35], which is based on the MUJOCO physics
engine [26]. The robot is a simulated 7-DoF Franka Emika
Panda arm with a parallel-jaw gripper. Sensory inputs include
RGB-D images from a fixed camera, proprioceptive feedback,
and force/torque data, which are provided by the robot’s
simulated sensors. In addition to our custom environments,
two benchmark tasks from the LIBERO suite [18] were also
incorporated for evaluation.

We additionally evaluate on a real Franka Emika Panda
using the same sensing modalities (fixed-view RGB-D, pro-
prioception, and force/torque), where force/torque readings are
obtained from the robot’s built-in actuator sensors. For real-
world state estimation, we replace FOUNDATIONPOSE with a
motion capture setup for simplicity.

The implementation details are included in supplementary
material.

a) Tasks and Evaluation Metrics: We evaluated our
framework on four challenging, contact- and force-critical
manipulation tasks and two standard pick and place tasks,
shown in Fig. 4, designed to be difficult for purely vision-
based, collision-avoidant planners. Each task was performed
10 times with randomized initial object poses, object masses,
surface friction coefficients and the object dimensions for the
box and the board objects. The tasks are as follows: T1: Push
and Pick Cutting Board, a multi-stage task testing pushing
and reasoning about object parts and pose for grasping; T2:
Pick Box & T3: Pick and Place in Clutter, standard
pick-and-place tasks to establish a baseline; T4: Push with
Constant Force, testing the reactive controller’s ability to
manage force feedback; T5: Flip Box, a dynamically complex
maneuver; and T6: Flip with Wall, requiring multi-contact
reasoning to use the wall as a fixture. We primarily use Success
Rate (binary measure across 10 trials) to evaluate performance.

b) Comparative Baselines: We compare CoRAL against
three state-of-the-art methods and four internal ablations. The
State-of-the-Art Baselines consist of two categories: 1) End-
to-End VLA Models: We evaluate OpenVLA-OFT [12] and
π0.5 [3]. For these models, we rely on the officially released
LIBERO-OBJECT checkpoint for pick-and-place tasks and the



Fig. 4: CoRAL on six different tasks with the tracked pose
overlay of the object of interest.

LIBERO-GOAL checkpoint for all other tasks. This setup tests
CoRAL’s zero-shot capabilities against powerful, pre-trained
policies. 2) Cost-Generation Baseline: We evaluate L2R [31],
a method that uses LLMs to synthesize cost functions for an
MPC controller. This baseline serves as a direct comparison
for our neuro-symbolic planning approach but without the
online adaptation mechanism. In addition, we include two
Human Expert-Designed Cost baselines. In the single-stage
variant, an expert manually designs a single MPPI running-
cost for each task. In the FSM variant, the expert is allowed
to construct an explicit finite-state machine with phase-specific
costs (e.g., push–then–pick or push–then–flip). In both cases,
the cost functions are tuned in a separate design environment
and then evaluated as-is in our randomized test environment,
providing an upper bound on what carefully engineered, task-
specific objectives can achieve. Our Ablation Baselines are:
CoRAL (w/o Pose Tracking), which removes FoundationPose
and relies on the VLM to estimate object poses, testing the crit-
icality of a dedicated pose estimator; CoRAL (w/o Memory),
which removes the experience retrieval mechanism; CoRAL
(w/o Refinement), which disables the online adaptation loop;
and CoRAL (Unified VLM), which uses a single multimodal
prompt for both perception and planning to test the importance
of separating VLM/LLM roles.

A. Results and Analysis

Table I presents a comprehensive overview of our experi-
mental findings.

1) State-of-the-Art Comparison (RQ1): CoRAL signif-
icantly outperforms both state-of-the-art VLA baselines
(OpenVLA-OFT, π0.5) and the foundation-model-based plan-
ner baseline (L2R), particularly in tasks requiring sophisticated
physical reasoning (T1, T4, T5, T6). While all baselines
perform well on the simpler pick-and-place tasks (T2, T3),
their performance degrades sharply on the more complex,
contact-rich scenarios. This highlights distinct limitations in
existing approaches. On one hand, end-to-end VLA policies

prove insufficient for scenarios demanding explicit physical
modeling, as they fail to generalize to non-obvious maneuvers
like maintaining steady force (T4). On the other hand, the L2R
baseline demonstrates the fragility of static code generation;
it fails tasks like the wall-flip (T6: 1/10) because it generates
fixed cost functions without explicitly formulating a contact
strategy or employing an online refinement mechanism to
handle physical deviations. In contrast, our framework excels
by combining a dedicated contact strategy with an adaptive
LLM that directly formulates and iteratively refines cost func-
tions, enabling robust zero-shot execution across all dynamic
interaction regimes.

2) Comparison to Human-Designed Cost Functions: The
two human baselines approximate an upper bound from care-
fully engineered, task-specific objectives. As expected, the
Expert (FSM) variant achieves the strongest overall perfor-
mance, and the single-stage expert design remains competitive,
particularly on simpler tasks such as T2–T4, where CoRAL
largely matches but does not surpass its success rate (Table I).
On more sequential and contact-heavy tasks (T1, T5, T6),
CoRAL narrows the gap to the expert, achieving higher
success rates than the single-stage baseline while remaining
below the FSM upper bound. This shows that our LLM-
based controller can recover much of the structure of expert-
designed costs automatically, substantially reducing manual
tuning effort while approaching expert-level performance on
the hardest tasks.

3) Ablation Study Analysis (RQ2): Our ablation studies
clearly demonstrate the necessity of each component in our
architecture.

The Synergy of Separated VLM/LLM Roles: The CoRAL
(Unified VLM) variant, which tasked a single VLM with both
perception and planning, failed on nearly all complex tasks.
This starkly illustrates our core hypothesis: separating the role
of a VLM for perception from a dedicated LLM for strategy
formulation is crucial for robust performance. The specialized
modules provide more reliable and structured outputs for the
planner.

The Importance of Online Refinement: The w/o Refine-
ment variant showed a dramatic performance drop in multi-
stage tasks like T1 (Push and Pick Board), with success falling
from 5/10 to 0/10. In this task, the initial plan often failed
because the VLM’s initial friction estimate was slightly off,
causing the board to slip during the pick. The full CoRAL
framework, however, used the outer loop for the LLM to
diagnose this from the physical outcome, refine the friction
parameter in its world model, and successfully complete the
task. This shows the system’s ability to learn from failure.

The Benefit of Experience Reuse: The full framework with
Memory consistently achieved the highest success rates. For
instance, in T1 and T3, memory boosted the success rate from
2/10 to 5/10 and 9/10 to 10/10, respectively. By retrieving
a successful “push-to-edge” strategy from a past experience,
the system provided the planner with a superior initialization,
accelerating convergence and leading to more robust solutions.

The Criticality of a Dedicated Pose Estimator: The w/o



TABLE I: Comparison against the baselines and ablation study. Performance is measured by success rate (x/10 trials).

Method T1: Push+Pick T2: Pick+Place T3: Clutter T4: Const. Force T5: Flip Box T6: Flip w/ Wall

State-of-the-Art Baseline

OpenVLA-OFT [12] 0/10 10/10 9/10 0/10 1/10 0/10
π0.5 [3] 0/10 10/10 8/10 0/10 3/10 0/10
L2R [31] 0/10 10/10 9/10 5/10 4/10 1/10

Human Expert-Designed Cost Baselines

Expert (single-stage) 0/10 10/10 10/10 9/10 9/10 3/10
Expert (FSM) 8/10 10/10 10/10 10/10 10/10 9/10

Our Method (Ablation Study)

CoRAL (Ours) 5/10 10/10 10/10 9/10 9/10 7/10
CoRAL (w/o Memory) 2/10 10/10 9/10 9/10 7/10 5/10
CoRAL (w/o Refinement) 0/10 10/10 3/10 6/10 4/10 2/10
CoRAL (Unified VLM) 0/10 2/10 0/10 1/10 0/10 0/10
CoRAL (w/o Pose Tracking) 0/10 0/10 0/10 0/10 0/10 0/10

Pose Tracking ablation, which removed FoundationPose and
relied solely on the VLM for pose estimation, resulted in a
catastrophic failure across all tasks (0/10 success). The VLM,
while powerful for semantic understanding, is ill-suited for
the precision required by 6-DoF pose tracking through dy-
namic interactions. It frequently produced trivial or physically
impossible pose estimations (“hallucinations”) that rendered
the planner’s output useless. This result provides conclusive
evidence that a dedicated, high-fidelity pose estimator is not
merely beneficial but an essential component of our archi-
tecture, serving as the geometric foundation upon which all
subsequent physical reasoning is built.

4) Robustness Analysis (RQ3): Analysis of LLM-Guided
Contact Strategy: To isolate the contribution of the LLM’s
initial contact strategy (C0), we conducted a targeted ablation
on the challenging “Flip with Wall” task (T6). We compared
the performance of our full framework against a variant where
the LLM only provided the cost function (J0), forcing the
MPPI planner to discover useful contact points through its own
sampling mechanism. Crucially, this variant effectively mimics
the operational capability of standard foundation-model-based
planner baseline like L2R [31], which rely solely on the
optimizer to discover contact modes.

The guided trajectory (With Strategy, green) is direct and
purposeful, immediately moving the end-effector to the correct
corner of the box to initiate the flip (Fig. 5). In contrast, the
unguided trajectory (Without Strategy, red) is chaotic and inef-
ficient, exploring large, irrelevant portions of the workspace.
The planning cost for the unguided agent remains high and
erratic, indicating a constant struggle to find a viable plan. This
difference is confirmed by the quantitative results: the guided
approach was 83.9% more efficient requiring fewer control
steps (32 vs. 199 steps) and the end-effector traveled a 63.9%
shorter path (1.33m vs. 3.69m). This analysis provides clear
evidence that the LLM’s symbolic contact strategy is critical
for transforming a computationally intractable, long-horizon
contact problem into a solvable one by intelligently pruning
the vast action search space.

Robustness of Online Parameter Adaptation: Beyond
strategy and cost function refinement, CoRAL’s ‘Online Adap-
tation’ module, driven by the LLM, exhibits a crucial ability
to correct the agent’s internal world model online. To demon-
strate this, we ran the same experiment both in simulation and
on the real system to verify that the adaptation mechanism
remains effective under real-world unmodeled effects and
sensing/actuation noise, intentionally initializing the Planning
World with a severely overestimated mass (2.0kg vs. a ground
truth of 0.25kg) and friction coefficient (0.9 vs. 0.5) for the
cutting board. These initial biases represent a severe sim-to-
real gap or a VLM hallucination.

Figure 6 shows the adaptation process. Given the execution
history, the LLM’s ‘Online Adaptation’ module identified that
the board was not moving as expected despite high pushing
force and updated the physical parameters. Through an itera-
tive refinement process, it progressively adjusted its estimated
mass and friction parameters. After several adaptation cycles,
the agent’s belief about both mass and friction converged
remarkably close to their true values. This online correction
of physical parameters is fundamental to the framework’s
robustness, allowing it to overcome initial environmental mis-
characterizations and successfully execute contact-rich tasks
that would otherwise fail due to a misaligned internal world
model.

Sensitivity to Pose and Physical-Parameter Estimates: To
further quantify the robustness of CoRAL to imperfect world-
model initialization, we performed a sensitivity analysis on
the “Push and Pick Cutting Board” task (T1). For physical
parameter sensitivity, the cutting-board mass was uniformly
sampled from [0.4, 0.8]kg, and the sliding friction coefficient
from [0.3, 0.6]. Across 100 samples, the VLM-only estimates
achieved a mean absolute error (MAE) of 0.29kg for mass
and 0.14 for friction. These results support our design choice
of treating VLM outputs as coarse semantic priors rather than
accurate physical measurements. After four online refinement
cycles, the errors decreased to 0.11kg and 0.06, respectively,
improving the task success rate from 2/10 to 5/10.



Fig. 5: Ablation of the LLM-guided contact strategy on the “Flip with Wall” task. (Left) The trajectory with the LLM’s strategy
(green) is direct and efficient, while the unguided trajectory (red) is erratic. (Right) The planning cost for the guided agent is
significantly lower and more stable, indicating an easier optimization problem.

Fig. 6: Online parameter (mass) adaptation in simulation and
real-world experiments.

For the same T1 task, Table II summarizes the effect of
replacing estimated quantities with oracle information. Using
ground-truth physical parameters alone did not further im-
prove performance beyond the refined setting, suggesting that
CoRAL can largely compensate for moderate mass and friction
errors through replanning and online adaptation. In contrast,
replacing the estimated object poses with ground-truth poses
increased the success rate to 7/10, and using both ground-truth
poses and ground-truth physical parameters further improved it
to 8/10. This indicates that pose-estimation errors, especially
during occlusions caused by direct end-effector contact, are
the dominant bottleneck in this task. In our cutting-board
trials, FoundationPose achieved a mean ADD error of 13.2mm
over 10 episodes, while 88.2% of frames had ADD below
5mm. The larger mean error is mainly caused by short
tracking failures during contact-rich phases. Overall, physical-
parameter errors primarily affect the magnitude of predicted
object motion and can often be corrected through feedback
and replanning, whereas pose failures directly corrupt the
replanning state and are therefore more detrimental.

TABLE II: Cutting-board success rates under different pose
and physical-parameter settings.

Condition Success Rate

VLM-estimated parameters, no parameter refinement 2/10
VLM-estimated parameters, with parameter refinement 5/10
Ground-truth physical parameters 5/10
Ground-truth poses 7/10
Ground-truth poses + ground-truth physical parameters 8/10

Sequential Reasoning and Experience Reuse in the
Cutting Board Task: The “Push and Pick Cutting Board” task
(T1) tests long-horizon sequential manipulation, requiring a
stable push to expose the board followed by a precise grasp. As
evidenced by Table I, this challenge highlights the importance
of two core components: online adaptation and experience
reuse.

First, long-horizon tasks are sensitive to model errors that
accumulate over time. This is demonstrated by the w/o Re-
finement ablation, which failed entirely (0/10 success rate),
mirroring the static L2R baseline [31]. While the initial plan
was often sufficient for the push, slight inaccuracies in esti-
mated friction caused the board to end in an unexpected pose,
leading to a failed grasp. Our full model, however, leverages
the outer loop to learn from the push outcome, allowing the
‘LLM (Online Adaptation)’ to refine friction estimates and
update the plan for the subsequent pick.

Second, this task illustrates the benefit of the ‘Memory
Unit’. Including the memory module boosted the success rate
from 2/10 to 5/10. This indicates that after a single completion,
the system stores the successful interaction context (refined
parameters and strategy) to provide a superior initialization
for future attempts. This demonstrates that CoRAL can reuse
prior successful experience, highlighting a clear path towards
few-shot performance improvements as it gathers successful
episodes.

Explainability and Automated Failure Recovery A key



advantage of our neuro-symbolic design is its inherent ex-
plainability, particularly during failure recovery. Unlike opaque
end-to-end models, CoRAL can articulate why it failed and
what it is doing to correct its plan. We demonstrate this with
a scenario where the “Flip with Wall” task persistently fails,
triggering the Outer Loop.

Instead of just outputting a new set of parameters, the
‘LLM (Online Adaptation)’ module provides a full natural
language diagnosis of the failure and a detailed log of the
corrective actions it is taking. The LLM provided a correct
natural language diagnosis of a poorly weighted cost function
and proceeded to adjust the specific weights to remedy the
failure (see Supplementary Material).

LLM Failure Modes: While CoRAL avoids using the LLM
as a direct controller, failures can still arise from the symbolic
objectives it generates. We observed two main failure modes.
First, the LLM occasionally produced highly imbalanced cost
weights, e.g., wd : wc = 1000 : 1, causing MPPI to effectively
ignore some objectives. We mitigated this by prompting the
LLM to justify the relative importance of each term and
keep weights within comparable numerical ranges, typically
[0.1, 10]. Second, in multi-stage tasks such as T1 (Push and
Pick Cutting Board) and T6 (Flip with Wall), the LLM
sometimes produced ambiguous or incomplete stage-transition
conditions, leading to premature or delayed phase switches;
representative examples are provided in the Supplementary
Material. These structural errors occurred in fewer than 10%
of trials but were more consequential than small weight errors.
Importantly, CoRAL’s modular design makes such failures
interpretable: they appear as persistently high rollout costs or
mismatches between the intended subgoal and observed state
evolution, allowing the outer-loop refinement module to update
the cost structure or stage logic.

5) Real-World Validation (RQ4): Finally, to validate the
reliability of CoRAL under physical constraints that cannot
be perfectly simulated (e.g., sensor noise, unmodeled friction,
and calibration errors), we deployed the system zero-shot on
the physical Franka Emika Panda robot. We evaluated the full
suite of six tasks without any real-world fine-tuning (Fig. 1).

TABLE III: Real-World Experimental Results. CoRAL is
evaluated on the physical robot across all six tasks without
real-world fine-tuning.

Task Success Rate Avg. Exec. Time (s)

T1: Push and Pick Cutting Board 4/10 21.6 ± 5.5
T2: Pick Box 10/10 16.7 ± 1.1
T3: Pick and Place in Clutter 10/10 22.0 ± 1.5
T4: Push with Constant Force 9/10 11.7 ± 1.9
T5: Flip Box 7/10 9.2 ± 2.6
T6: Flip with Wall 6/10 25.3 ± 4.9

Sim-to-Real Robustness: As shown in Table III, CoRAL
demonstrates strong sim-to-real transfer capabilities. While
standard tasks (T2, T3) achieved perfect success rates, the
framework also maintained robust performance on contact-
critical tasks (T1, T4, T5). A notable observation was in the
“Push and Pick” task (T1), where real-world surface friction

Fig. 7: Real-World Force Regulation Profile (T4) The plot
shows the measured end-effector force over time during the
“Push with Constant Force” task where the intended push
direction is +y. The shaded region represents the target
force range the LLM is instructed with. CoRAL successfully
modulates the control actions to maintain contact forces within
the desired bounds.

varied significantly from the simulation. In these cases, the
online adaptation loop (discussed in Section IV) successfully
diagnosed the slippage and updated the friction parameters in
real-time to salvage the trial.

Force Regulation: The system’s ability to handle active
force constraints is highlighted in Task 4. Figure 7 shows
the force profile from a real-world trial. Despite the inherent
noise in the physical force/torque sensor, the MPPI con-
troller—guided by the LLM’s cost function—effectively reg-
ulated the interaction force within the target bounds (approx.
5N). This confirms that CoRAL’s decoupled architecture not
only plans for geometry but effectively closes the loop on
force dynamics, bridging the gap between high-level semantic
planning and low-level compliance.

V. LIMITATIONS & CONCLUSION

In this paper, we introduced CoRAL, a novel framework
that addresses the challenges of zero-shot, contact-rich ma-
nipulation. Our approach departs from conventional end-to-
end paradigms by integrating foundation models with a re-
active controller. Experiments on challenging tasks demon-
strate that this modular, synergistic design enables the system
to adapt to unseen scenarios without prior demonstrations,
significantly enhancing both performance and explainability
over monolithic approaches. While promising, the framework’s
performance is currently contingent on the fidelity of the
vision-based world model and is subject to latency constrained
by foundation model inference. These limitations and future
research directions are discussed in detail in the supplementary
material. We believe this hybrid paradigm—coupling large-
scale, pre-trained knowledge with rigorous real-time con-
trol—is a promising direction for creating more capable and
physically intelligent robotic agents.
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