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Using a Surgical Physics Simulator as the Predictive Model in Model
Predictive Path Integral Control for Soft-Tissue Manipulation
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Abstract— Tissue manipulation is a fundamental and fre-
quently performed sub-task in robotic surgery, but its automa-
tion remains challenging because soft tissue exhibits nonlinear
deformation and complex contact interactions with rigid instru-
ments. This work presents a simulator-in-the-loop, sampling-
based MPC framework that uses CRESSim, a GPU-accelerated
Unity-PhysX 5 surgical simulation environment, directly as a
black-box predictive model inside a Model Predictive Path
Integral (MPPI) controller. At each control step, MPPI samples
candidate gripper command sequences, evaluates them through
forward rollouts in the simulator, and updates the control se-
quence without requiring analytical tissue dynamics, Jacobians,
or local linearizations. We evaluated the approach in planar
and volumetric tissue-manipulation tasks, including target-
point placement and tissue triangulation. The results show
target-point positioning errors within the millimeter range, with
representative trials reaching below 2 mm, demonstrating the
feasibility of using a surgical physics simulator as the predictive
model for closed-loop autonomous soft-tissue manipulation.

I. INTRODUCTION

Robot-assisted minimally invasive surgery (RAMIS) en-
ables dexterous manipulation through small incisions, re-
ducing tissue trauma relative to open surgery while im-
proving visualization and instrument dexterity compared
with conventional laparoscopy [1]. These advantages have
driven widespread clinical adoption; however, RAMIS re-
mains largely teleoperated, leaving surgeons responsible for
demanding subtasks that contribute to cognitive load [2] and
longer operative times [3]. This motivates targeted autonomy
for well-defined surgical subtasks [4].

While autonomy has been explored for tasks such as
suturing [5], [6], [7] and cutting [8], many procedures also
require controlled tissue repositioning to expose anatomy,
establish tension, or align internal targets. A representative
formulation is Indirect Simultaneous Positioning (ISP) [9],
which requires fine control of tissue deformation so that
internal points are positioned accurately while minimizing lo-
cal strain and stress on surrounding regions. ISP is challeng-
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ing because soft tissues exhibit nonlinear and viscoelastic
behavior, patient-specific parameters with frictional contacts,
and time-varying boundary conditions, making it substan-
tially more complex than generic soft-object manipulation.
Existing approaches for tissue manipulation through ISP falls
into two categories: model-based and data-driven (model-
free) methods.

Model-based controllers compute control commands using
an explicit tissue model, either in feedback or predictive
form. Early work often used mass-spring-damper (MSD)
models because they are computationally efficient and easy
to integrate with classical control. For instance, Hirai et al.
[10] used an MSD approximation for multi-finger indirect
target positioning, Wada et al. [11] proposed a PID controller
robust to modeling uncertainty, and Torabi et al. [12] used a
2D MSD model for tissue manipulation and needle steering.
Despite their practicality, MSD models often rely on manu-
ally tuned stiffness and damping parameters, which limits
their physical fidelity under large deformations, nonlinear
stress-strain responses, and contact-rich interactions [13].

Finite element method (FEM)-based approaches improve
physical fidelity by modeling tissue as a discretized con-
tinuum. Patil et al. [14] used FEM model to compute
safe tissue retraction trajectories under strain constraints.
Ficuciello et al. [15] proposed an inverse-FEM scheme to
compute grasp forces that drive selected points to desired
positions. Likewise, Afshar et al. [16] embedded a nonlinear
FEM formulation, solved via ADMM, within MPC for multi-
point tissue manipulation. However, these approaches remain
computationally demanding: real-time nonlinear FEM-based
control often requires linearization, model reduction, or other
approximations, which can introduce model mismatch.

In contrast to model-based approaches, data-driven meth-
ods avoid explicit tissue mechanics by learning local defor-
mation models, surrogate dynamics, or control policies from
interaction data. For instance, Navarro et al. [17] estimated
a local deformation Jacobian online from visual feedback
and used adaptive control for shape regulation, while Hu
et al. [18] trained an online deep neural network that maps
end-effector motions to shape changes without an analytic
dynamics model. Shin et al. [19] combined reinforcement
learning (RL) and learning from demonstrations (LfD) to
learn image-space tissue dynamics and used MPC to position
surgeon-selected tissue points. With the rise of RL and LfD,
more recent work has learned direct manipulation policies
for ISP and related tasks. Ou and Tavakoli [9] trained a
deep RL policy for indirect simultaneous positioning and
demonstrated sim-to-real transfer; later, they added human



supervision and adversarial imitation learning to improve
safety and data efficiency [20]. Shahkoo et al. [21] proposed
a hybrid DRL-evolutionary method to optimize tensioning in
surgical pattern cutting.

Learning-based tissue manipulation often demands exten-
sive interaction data, yet collecting surgical data is costly and
safety-critical. This has motivated the use of physics-based
surgical simulators both for data generation and closed-loop
evaluation. AMBF [22] and related PBD environments have
been used for RL-based surgical manipulation [23], [24] and
perception-based deformable control [25]. Although PBD is
computationally efficient, its rule-based updates can limit
physical fidelity and interpretability, motivating continuum-
mechanics-based simulators such as SOFA/LapGym [26],
MPM-based extensions to SurRoL [27], and CRESSim [28].
CRESSim is a GPU-accelerated, visually rich, multi-physics
surgical VR environment built in Unity with NVIDIA
PhysX 5 that integrates rigid bodies, deformables, collision
handling, grasping constraints, and fluid effects, supporting
contact-rich interactions such as grasping, cutting, and suc-
tion. These capabilities motivate inference-time optimization,
where actions are recomputed online from the current state
using the simulator as a predictive model.

Building on this idea, we use CRESSim not as an of-
fline data generator, but directly as a black box predictive
model inside a receding-horizon controller. In this paper, we
study autonomous tissue manipulation for internal target-
point placement and tissue triangulation, where selected
tissue points must be positioned through boundary grasps
on volumetric deformable tissue. This setting moves beyond
thin-shell or quasi-planar assumptions by considering 3D
deformation, grasping constraints, tool-tissue contact, and
surrounding soft-tissue attachments within the same simu-
lated surgical scene.

The controller is based on Model Predictive Path Inte-
gral (MPPI) control, which is well matched to this black-
box setting because it requires only forward rollouts rather
than analytical dynamics, Jacobians, or local linearizations
[29]. At each control step, MPPI samples candidate gripper
command sequences, evaluates them through CRESSim roll-
outs, converts the resulting trajectory costs into importance
weights, and updates the nominal sequence in a receding-
horizon loop. Thus, the framework requires only forward
simulation, task objectives, and constraints, while avoiding
manual derivation of contact-rich multi-physics dynamics.
Compared with lightweight MSD/PBD controllers or trained
policies, this approach is not intended to be the fastest or
most computationally lightweight; rather, it trades rollout
cost for modeling flexibility in contact-rich volumetric scenes
where the relevant dynamics are difficult to derive analyti-
cally or learn from limited data.

A. Contributions
The main contributions of this paper are:

1) We demonstrate closed-loop autonomous tissue manip-
ulation using a high-fidelity surgical simulator directly
as the predictive model within sampling based MPC

(MPPI), establishing a general simulator-in-the-loop
control paradigm for contact-rich surgical tasks.

2) We show that MPPI combined with GPU-accelerated
physics rollouts achieves millimeter-scale accuracy on
volumetric soft tissue without explicit mechanics mod-
els.

3) We validate robustness to modeling mismatch and
scalability to multi-point, multi-gripper manipulation.

II. PROBLEM STATEMENT

Our objective is to drive a set of target points to desired
positions by manipulating boundary control points, sub-
ject to kinematic, workspace, and tissue-safety constraints.
We assume rigid attachment between each gripper and its
grasped boundary nodes, so commanding the gripper pose is
equivalent to moving the corresponding control points. The
task is therefore naturally posed as a finite-horizon trajectory-
optimization (optimal control) problem:

N1
min - ®an) + > (lye -y I3 + IAwl}) (a)
{uedi—o t=0
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Here, f represents the tissue dynamics, h extracts the
positions of the p target points that determine the target
deformation, Q > 0 weights tracking error, and R = 0
penalizes control rate. The terminal term & encourages
convergence at the horizon. The admissible sets X and U/
encode workspace and rate/velocity limits, while g(-) < 0 ag-
gregates safety constraints such as strain/stress and contact-
force bounds, formulated based on the tissue failure data
reported in [30], [31]. Fixed anchors (e.g., in triangulation
tasks) are enforced by (lc).

III. SIMULATION ENVIRONMENT

Solving (1) with high deformation fidelity requires a pre-
dictive model that captures large-strain volumetric mechan-
ics, intermittent frictional contacts, and grasp constraints.
While mass-spring-damper (MSD) and position-based dy-
namics (PBD) models are computationally efficient, they
only approximate continuum behavior and often exhibit
limited accuracy in force transmission and deformation under
contact-rich interaction [9], [32]. Moreover, in vivo response
depends strongly on surrounding fascia, organ attachments,
and tool-tissue interaction, making it difficult to hand-craft a
sufficiently accurate analytic model for closed-loop control.
To address this, we replace the dynamics map f(-) in
(1b) with a GPU-accelerated one-step simulation rollout
implemented in CRESSim (Unity + NVIDIA PhysX 5).



Specifically, we treat the simulator as a black-box transition
operator

Tep1 = [z, u), (2)
where f(-) advances the full surgical scene forward by
one control step under the commanded gripper action.
Unity provides the scene graph and authoring tools, while
PhysX 5 provides rigid/deformable solvers and contact han-
dling, enabling interactive-rate simulation of contact-rich
surgical scenarios. The organs in simulation environment
are discretized as FEM soft bodies with tunable material
parameters (e.g., Young’s modulus F, Poisson’s ratio v) and
are mechanically coupled to adjacent deformable structures
via PhysX 5 soft-soft attachment constraints. CRESSim’s
Unity-native tooling (plugin plus inspector-driven configura-
tion) allows straightforward specification of tissue meshes,
material tuning, grasp constraints, and real-time tracking of
internal target-point error, yielding high-fidelity deformation
and stable contact at interactive rates suitable for simulator-
in-the-loop experimentation.

A. Tissue Model

PhysX 5 employs a fixed-corotated FEM formulation with
a robust constraint-based contact/attachment solver, yielding
realistic deformation under manipulation and stable contact
dynamics. Let x € R3" denote the stacked nodal positions of
an n-node tetrahedral mesh with lumped mass matrix M €
R37%37 then system dynamics are modeled using Newton’s
law:

Mx = Fext — Fine — DX, 3)

where F.y collects external loads (e.g., gravity, con-
tact/attachment reactions), Fiy = — 90U (x)/0x is the in-
ternal force derived from the strain-energy potential. In
PhysX 5, this elastic response is modeled using a fixed-
corotated FEM energy density, which accounts for large
rotations while retaining the efficiency of a linear elastic
model in the corotated frame and is mathematically given
as [33]:

G(F) = p|F-R|Z + 3 (det(F) 1), (4

where F is the deformation gradient, R is the rotational
component from the polar decomposition F = RS, and p, A
are the Lamé parameters:

Ev
A= T ®)

1= oy
In implementation, PhysX 5 advances the deformable-body
constraints using an iterative XPBD solver with Temporal
Gauss-Seidel substepping; for details, see [33], [34].

a) Soft—soft attachment (replicating fascia): To attach
two deformable bodies A and B, PhysX 5 anchors an
embedded material point in A to an embedded material point
in B inside their local tetrahedron collision mesh. The points
are connected through the following hard constraint:

C(v,w)=x4 —xp =0, (6)

with x4 = Zz a;v;, and xXp = Zi B;w;, where
v; and w; are the vertices of the collision tetrahedral meshes

of the two bodies, and « and S are the corresponding
barycentric weights computed once (at the time of creat-
ing the attachment) by locating the containing tetrahedra
and evaluating barycentric coordinates of the selected sur-
face/contact points. This constraint ensures that the two bod-
ies can move and deform under forces while still connected.

b) Soft-rigid (grasper) attachment: To grasp and move
a specific tissue point, we have used explicit attachment
constraints, which anchor a vertex x, (the points that are
considered to be grasped) to a point on the rigid tool and is
given as:

C(xs,pr,Rr) = x; — (pr+Rpra) =0, (1)

where pr, R represents the tool’s position and orientation,
and a is the anchor expressed in the tool’s actor space. In
our implementation, x4 is a collision-mesh vertex.

IV. MODEL PREDICTIVE PATH INTEGRAL CONTROL

Unlike gradient-based MPC, which requires a differen-
tiable model and struggles with nonconvexities or contact
discontinuities, MPPI is a derivative-free stochastic optimal
control method [35], [29]. It evaluates noisy open-loop
control sequences through forward simulation and steers a
nominal sequence toward low-cost regions by importance
reweighting of the sampled perturbations.

Consider a discrete-time system

Xep1 = F(xe,vy), ¥

where x; € X C R"= is the state and v, = u; +€; € U C
R™ is the applied control, with u; the nominal input and
€, ~ N(0,X) the sampled perturbation.

Let [(x;,u;) denote the running cost and ¢(xr) the
terminal cost. MPPI frames the optimal control problem as
the minimization of the expected cost under the sampling
distribution:

T-1
U” = argUHelng Eepr_1~no |o(xT) + ;l(xfnut) )

©))

where U = [u],...,uj ,]" and T is the prediction

horizon. As discussed in [29], solving (9) is equivalent to
minimizing the Kullback—Leibler divergence between the
optimal distribution Q* and the controlled distribution Oy x:

U* = arg min Dk, (Q"| Quyx). (10)
ueu”T

Direct minimization of (10) is intractable, as the optimal
distribution Q* is defined only up to a normalizing constant,
and its density depends on all possible trajectory rollouts
through the dynamics. MPPI therefore employs importance
sampling from a proposal Q(U, X) centered at the current
nominal control sequence U. Concretely, At each control
instant, draw M i.i.d. perturbation sequences

(e} ~ 9(0, %),

and form M perturbed control sequences

m=1,..., M,

UM =[ug+ e, uy+e™, ... ur_1 +e5™ 1. (1)



Rolling each um) through (8) (in our case the CREESim

scene) yields trajectories X (") = (Xém) . ,xgﬂm)) with cost

T-1
T = gxT) + 3= ui™). 12
t=0

Given these accumulated costs, MPPI computes importance
weights

_ (m) _ .
.| Gl U122 TS
> =1 exp(— (JO) = Juin)/A)

where A > 0 is the inverse temperature and Jyi, =
min; J () stabilizes the exponent. The control is then up-
dated by a weighted average of perturbations:

M
wo=w o+ Y wee™,  t=01,...,T-1, (14

which steers the nominal sequence U toward lower-cost
sampled trajectories. After updating U, apply only the first
control uf, shift the horizon forward and repeat with the new
state measurement.

V. RESULTS

To evaluate the proposed simulator in the loop sampling-
based control algorithm, we conducted two sets of exper-
iments: (i) planar patch manipulation and (ii) 3D vol-
umetric tissue manipulation, each instantiating a repre-
sentative instance of the Indirect Simultaneous Positioning
(ISP) problem. In both scenes, the objective is to drive a
set of internal target points to the prescribed goal position
by manipulating a set of boundary control points (through
gripper-attached nodes). The planar patch scene represents
surface-like deformation where targets lie on a surface
sheet/patch, while the volumetric scene represents bulk tissue
deformation where internal point motion depends strongly
on 3D material response and tool-tissue interaction. These
two scenarios provide complementary testbeds for assessing
controller performance across deformation regimes.

In both tasks, Unity-CRESSim is used as the predictive dy-
namics model inside MPPI: each sampled control sequence
is forward simulated to generate a trajectory, from which we
evaluate target-point tracking costs and safety-related penal-
ties/constraints. Rollouts are evaluated in parallel, leveraging
MPPI sampling and GPU-accelerated simulation to enable
efficient trajectory assessment.

Because this study is simulation-only, we emulate a
sim-to-real gap via an explicit model-plant mismatch. The
simulator instance used as the predictor inside MPPI is
assigned mechanical parameters that differ from those of
the “plant” scene being controlled (e.g., stiffness-related
settings), yielding systematic dynamics uncertainty while
preserving identical sensing and actuation interfaces. This
setup allows us to evaluate the robustness of simulator-in-
the-loop MPPI when the predictive model is imperfect.
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Fig. 1. A sequence of snapshots during tissue manipulation. The target
point (green) is manipulated through the control point (blue) to move it to
the desired position (red).

A. 2-D planner tissue

As our first subcase, we consider a 2-D planar tissue patch
(Fig. 1) stabilized by clamping its four corners. The robot
end-effectors (PSM grippers), rigidly grasping the boundary
points, are constrained to in-plane translations with fixed
orientation. The controller then commands planar gripper
motions to drive the target points toward the desired position.

For MPPI, the prediction and control horizons are fixed
to N, = 10 and N, = 1, respectively. At each control
cycle, we draw M = 300 zero-mean Gaussian perturbation
sequences (with dimension matching the in-plane control
DoFs) and add them to the nominal control sequence to
form the candidate sequences. These candidates are evaluated
in the Unity—~CRESSim prediction instance, which executes
multiple rollouts in parallel (see Fig. 1B). Before each roll-
out, the predictor is reinitialized to the current plant (“real-
world”) state; trajectories are then propagated, and their
accumulated costs are used to compute the MPPI update. The
controller terminates when either a maximum iteration count
is reached or the target-point Euclidean error falls below
2.5 mm. This threshold was chosen as a practical engineering



tolerance for millimeter-scale positioning in simulation: it is
small relative to the commanded tissue displacements, while
avoiding unnecessary additional MPPI iterations after the
target has already reached the desired region.

Fig. 1 A-B shows the plant (real) scene and the parallel
prediction instance for a thin-shell (cloth-like) tissue model.
Figure 1C-D provides representative snapshots as the PSM
gripper manipulates the grasped boundary point to drive
the current target (green) to its desired position (blue). In
this run, MPPI placed the target at the desired location in
=~ 37.8 s (64 iterations), with a terminal error of ~ 2.15 mm
(Fig. 1F). To assess robustness, we selected four distinct
target points with corresponding desired poses and repeated
each configuration 50 times; across all cases, the terminal
error remained below 2.5 mm (see Fig. 2).
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Fig. 2. Positioning error for 4 different target points

We also investigated the effect of the rollout budget M. As
expected, increasing M improved success rates and reduced
the number of iterations required to complete the task, at the
expense of higher per-iteration compute (Fig. 3). Concretely,
for M = 300 we observed an average iteration count
IT = 72, a success rate of 93%, and a per-iteration wall time
titer = 0.59s; for M = 500, IT = 65 with tjte, = 1.29s;
and for M = 700, IT = 56 with t;;er = 2.25s. Given this
trade-off, we used M = 300 for the remaining experiments.

B. Volumetric tissue case.

To evaluate the proposed framework on volumetric tissue,
we consider a clinically motivated scenario in which the
surgeon selects a surface point on the liver and specifies a
desired 3D location for that point (e.g., to improve exposure
or align an internal target). Fig. 4 illustrates a represen-
tative trial for this case. For stability we clamp the liver
at one corner to hold the structure in place. Target points
were selected on the surface, and the gripper was attached
at a preselected grasp point. Using the MPPI and Unity-
CRESSim configuration described above, we tested four
three-dimensional configurations of target points and desired
positions. Fig. 4A-D illustrates a representative volumetric
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manipulation trial. Starting from the initial configuration (A),
the controller progressively deforms the liver through the
grasp point (white) so that the selected surface vertex (green)
approaches the prescribed target (blue), reaching close align-
ment by ¢ ~ 130s(D). The corresponding control inputs
applied at the gripper are shown in Fig. 4E. The commanded
signals remain bounded and exhibit mild high-frequency
fluctuations (“chatter”), which is expected in sampling-based
MPC when operating on contact-rich deformable dynamics
and finite-horizon rollouts; importantly, these fluctuations do
not destabilize the interaction and the overall control action
remains coherent, driving steady error reduction. Fig. 4F
shows the 3D trajectory of the selected vertex, which evolves
from the initial position (open circle) toward the goal (star).
Over the course of the trial, the positioning error decreases
from approximately 35mm to <2mm by ¢t ~ 130s with a
final offset of ~ 1.7mm.

To assess efficacy on a multi-point task, we used the pro-
posed framework to automate tissue triangulation: a common
subtask in which the surgeon expands a tissue patch to ex-
pose and tension the operative field. This task typically forces
frequent handovers between main and assistant forceps; here,
both grasp points are driven simultaneously by MPPI. For
this, we built a scene with a liver model (see Fig. 5) and
instrumented it with one fixed boundary point (black) and
two movable surface vertices that must be driven to their
target locations (blue markers) by two grasp points (white
spheres). The current triangle connecting the anchor to the
instantaneous vertex positions is drawn with black dashed
edges, while the desired triangle formed by the anchor and
the targets is shown with solid green edges.

Fig. 5 panels A-C visualize the evolution of the triangle
formed by the fixed point and the two grasped vertices: the
initial configuration (A) exhibits a clear mismatch between
the current triangle (dashed) and the desired triangle (solid).
As MPPI updates the two gripper motions, the tissue is
progressively retracted and tensioned, reducing the geometric
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mismatch (B) and ultimately bringing both grasped vertices
into alignment with their targets by ¢ = 113sec). The
corresponding commanded inputs for the left and right
grippers are shown in the panel D; similar to the previ-
ous, the input signal remains bounded with high-frequency
chatter. Panel E reports the per-vertex tracking errors, which
decrease steadily and fall below the 2.5 mm tolerance for
both vertices, confirming successful triangulation. Overall,
the results demonstrate that simulator-in-the-loop MPPI can
coordinate two boundary grasps to satisfy a multi-point
geometric constraint on deformable tissue.

VI. CONCLUSION AND FUTURE WORK

This paper presented a simulator-in-the-loop, sampling-
based model predictive control framework for autonomous
soft-tissue manipulation. By embedding the Unity-
PhysX 5/CRESSim simulator directly inside the model
predictive path integral (MPPI) rollout loop, the controller
computes actions through forward simulation rather
than hand-crafted analytical dynamics, Jacobians, or
local linearizations, while retaining explicit user-defined
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Fig. 5. Tissue triangulation with two grippers and a fixed anchor in Unity-
CRESSim. A-C: Task progression: Target vertices are shown in blue and
current vertices in green; grasp points are indicated by white spheres. D:
Left and right gripper control inputs over MPPI iterations. E: Tracking error
of the left and right target vertices, converging below the 2 mm tolerance.

objectives and constraints. In simulation tasks involving
target-point placement and tissue triangulation, the
proposed framework achieved millimeter-scale target-
point positioning, demonstrating the feasibility of using
a surgical physics simulator as a black-box predictive
model for contact-rich deformable-tissue manipulation.
More broadly, the approach provides a control paradigm for
surgical scenes in which volumetric deformation, grasping
constraints, tool-tissue contact, and surrounding attachments
are represented in the simulator. Provided that the simulator
captures the task-relevant interactions and exposes forward
rollouts under candidate control inputs, the same framework
can be applied to other contact-rich surgical manipulation
tasks supported within the same physics environment.

The study has several limitations. The speed and ac-
curacy required for clinical use are procedure-dependent:
slow tissue-positioning or retraction tasks may tolerate lower
update rates if the target remains stable, whereas manip-
ulation near critical anatomy or rapidly changing scenes
would require higher control bandwidth and stronger safety
validation. In the present implementation, the controller up-
date rate is bounded by mesh resolution, contact/attachment
complexity, and MPPI rollout budget, yielding updates on the
order of a few hertz. Thus, the results should be interpreted
as a simulation feasibility study rather than evidence of
clinical readiness. We also assumed rigid, slip-free grasps
and preselected grasp sites. Because grasp choice strongly
affects tissue deformation and convergence, future work will
integrate grasp-point selection into the optimization loop to
favor configurations that achieve the task with lower overall
deformation. Finally, although CRESSim captures geometry
and constraints, tissue parameters and attachment mechan-
ics remain uncertain and patient-specific; online parameter
adaptation will therefore be needed to reduce model-plant
mismatch over time.
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