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Fig. 1: Real2Sim data densification pipeline. (a) Real-world demonstration sample via teleoperation. (b) Real-world multi-
modal sensing, and register object into a unified coordinate frame. (c) Simulation Data example (d) Differentiable simulator
empowers the learning within simulator. The trajectory is optimized by minimizing cutting policy, collision penalty and
smoothness to minimize the energy consumption. (e) Detection and summary agents extract structured object knowledge,
which guides generative agents to produce diverse, but in-domain instances to get controlable 3D generation.

Abstract— Cutting a piece of food looks effortless in human
hands: we nudge the blade, adjust the angle, modulate pressure
as the skin yields and cuts. For a robot, however, every cut
is a high-contact interaction with a deformable, elasto-plastic
object whose behavior changes with pose, contact mode, and
cutting stage. Collecting real-world data is also inherently
expensive and wasteful: each trial typically contaminates or
damages the food, so obtaining scalable real world data for
dexterous cutting are expensive and difficult. Simulation is
an appealing alternative, but a large sim-to-real gap exists
in both physics and perception. This gap is especially severe
for topology-changing interactions like cutting, where small
errors in contact, friction, or material and elastic transfor-
mations response quickly compound. We propose DexNinja,
a differentiable real2sim2real framework that turns a handful
of real demonstrations into a dense and realistic training dis-
tribution. DexNinja (i) reconstructs object instances from real
trajectories, (ii) randomizes physically meaningful parameters
under category-level constraints, and (iii) augmented dexterous
manipulation episodes using a custom differentiable simulator
that couples robot dynamics, tactile contact, and deformable
cutting. We evaluate DexNinja on a dexterous food-slicing task
and show that (1) the augmented data consistently improves
sim-to-real transfer, and (2) the resulting policies generalize to
out-of-distribution objects with varying shapes and sizes.

I. INTRODUCTION

Robotic manipulation has recently made strong progress
on everyday household behaviors such as table cleaning, dish
washing, and trash pickup [1], [2], [3]. Yet these advances
largely center on rigid objects and quasi-static contacts, while
cooking remains a frontier where the robot must purposefully
change an object’s state. Food manipulation is particularly
challenging because many ingredients are elasto-plastic: they
deform, yield, and recover in ways that depend on contact
history, friction, and internal material properties. Classical
approaches for food interaction often rely on handcrafted
rules or analytic heuristics [4], [5], [6], [7], which struggle
to generalize across object instances and to express the
long-horizon, contact-rich motions required for cutting. Prior
systems have also explored cutting with specialized tool and
hardware designs [8], but such solutions can limit cross-
tool and cross-task reuse. In parallel, dexterous hands have
emerged as a powerful end-effector for manipulation [9],
[10], enabling richer stabilization strategies and finer force
modulation, where these capabilities are central to cooking.

Seemingly simple actions like slicing an apple demand



rapid, continuous decisions about tool placement, object sta-
bilization, and force control. Much of this competence comes
from a tight perception-action loop that combines vision with
touch: tactile cues reveal micro-slips, sticking events, and
the onset and propagation of a cut. Fruit cutting stresses
this closed-loop physical reasoning in an unforgiving regime:
deformable elasto-plastic objects, intermittent contacts, and
topology changes as the object splits [11]. These properties
make fruit cutting a representative benchmark for cooking-
style manipulation, and a natural testbed for learning-based
methods that must operate under irreversible state changes.

Learning from real demonstrations is the most direct path
to acquiring such behaviors, but for cutting it is unusually
expensive and wasteful. Each trial damages the fruit; after
a small number of executions the object becomes unsuitable
for repeated collection due to contamination and accumulated
deformation. Consequently, real datasets are sparse and bi-
ased: they cover few object instances, and they concentrate
around limited stages of the cutting process, leaving large
portions of the state space underexplored.

Simulation is an attractive alternative, but food defor-
mation amplifies the sim-to-real (sim2real) gap. Success
depends on accurate contact forces, frictional conditions,
and deformable material behavior, while perception must
remain stable as geometry and topology evolve [12]. Small
mismatches in physics parameters or sensing can derail the
policy [13], [14], [15].

In this paper, we propose a differentiable real-to-sim-
to-real (real2sim2real) strategy [16] to bridge this gap for
cooking-style, topology-changing manipulation. Our key idea
is to use category-level structure as a scaffold for diver-
sity: given a category label (e.g., “apple-like fruits”), we
reconstruct object instances from sparse real demonstrations,
then generate a family of physically plausible variations
that preserve category identity while meaningfully changing
geometry, mass, friction, and appearance. By grounding this
augmentation in real data and enforcing physically mean-
ingful constraints, we densify training distributions without
drifting into unrealistic simulation artifacts. Crucially, differ-
entiability couples reconstruction, parameter estimation, and
simulation in a single loop, allowing gradients to guide policy
learning.

This design targets two outcomes that are difficult to obtain
with either sparse real data or pure simulation alone:

1) Sim2real through realistic densification: starting
from limited real demonstrations, we generate dense
training data remaining close to real behavior, improv-
ing sim2real transfer on multiple learning baselines.

2) Generalization within a category: by training on
physically plausible category-level variations, we aim
to learn policies remaining effective on unseen object
with shifts in geometry, mass, and appearance.

Our contributions are:

1) A differentiable real2sim2real data augmentation
framework that reconstructs object instances from
sparse real demonstrations and perturbs geometry,

mass, friction, and appearance under category-level
constraints to produce dense yet realistic training dis-
tributions.

2) A learning framework for multi-modal, topology-
changing manipulation that leverages physically
guided gradients for visual–tactile policy learning on
deformable objects, moving beyond rigid-only assump-
tions in sim2real transfer.

II. REAL-SIM-REAL PIPELINE

We use a real-sim-real pipeline [8], [17], [18], [19], [20]
for dexterous elasto-plastic object cutting (Fig. 5). A single
teleoperated demonstration provides an object-centric skill
template, a differentiable simulator expands it into diverse
but physically grounded episodes, and the learned policy is
deployed on the real robot using only vision, tactile, and
proprioception. Because the motion is represented in the food
frame, the same skill transfers across variations in object
geometry, material properties, grasp, and robot kinematics
within the same food category.

A. Pipeline

We denote coordinate frames by F(·) and rigid transforms
by ATB ∈ SE(3), which map points from frame FB to
frame FA. We use the world, food, knife, and end-effector
frames FW , FS , FK , and FE .

1) Stage I: Single Real Demonstration: We teleoperate
one successful cutting episode and record aligned visual,
tactile, and proprioceptive observations together with the
executed actions. We also estimate the food pose WTS and
reconstruct the task assets in metric scale. The demonstrated
knife motion is expressed in the food frame as

STK(t) =
(
WTS

)−1 WTK(t), (1)

which serves as the transferable skill template.
2) Stage II: Simulation Augmentation: We instantiate the

reconstructed assets in a differentiable cutting simulator
with deformable, topology-changing food dynamics. We then
sample object geometry and physical parameters, and perturb
the object-centric knife trajectory in Eq. (1) to obtain diverse
but task-consistent cutting motions. Let ETK denote the
estimated rigid grasp transform from end-effector to knife.
Each sampled knife trajectory is mapped to an end-effector
motion by

WT
(i)
E (t) = WTS

ST
(i)
K (t)

(
ETK

)−1
, (2)

and converted to feasible joint trajectories with inverse
kinematics. Differentiable simulation is used to refine or
reject trajectories that violate cutting or collision constraints,
producing an augmented dataset of multimodal observations
and actions. Tactile signals are modeled consistently between
real and simulation, enabling simulated contact observations
during training.
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Fig. 2: Pipeline (I) A general ACT encodes aligned multimodal observations and predicts short action chunks. (II) Learning
to control arm and dexterous hand separately via adaptive action chunking. We give an real-world inference result at bottom.
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Fig. 3: Tactile perception visualiztion of the food examples.

3) Stage III: Policy Learning and Real-World Deploy-
ment: We train closed-loop policies on the augmented simu-
lation episodes and deploy them on the real robot using only
real sensory inputs. In our implementation, the arm cutting
policy and the dexterous-hand interaction policy are learned
separately with adaptive action chunking. When real-world
failures are observed, we enlarge the simulated distribution
around the corresponding failure modes and repeat Stage II.
Learning details and full simulator objectives are provided
in Sec. III and the supplementary material.

III. LEARNING MODEL

WWe train an ACT-style model [21] on the augmented
dataset. At each time step t, the deployable observation is
ot = {ovis

t ,otac
t ,oprop

t } ∈ O, where vision provides the
segmented object geometry, tactile encodes fingertip contact,
and proprioception provides robot and hand state. The action
is decomposed as at = (aarmt ,ahandt ) ∈ A, where aarmt

controls coarse end-effector/knife motion and ahandt regulates
contact-sensitive dexterous interaction. Conditioned on the
current observation and a stage token zt, the policy predicts
a variable-length action chunk πθ(at:t+Ht−1 | ot, zt), which
is executed open-loop for Ht steps before replanning. This
formulation matches the long-horizon, contact-rich nature of
cutting, which requires object awareness under occlusion,
precise knife placement, and tactile regulation. Given demon-

strations D = {(ot,at)}, we train the policy by behavior
cloning on expert action chunks and adopt three design
choices for stable training and deployment. The detailed
symbolic definition should be referred to section S2.
A. Model insight

At the start of each trial, we treat the left hand, left
arm, and right arm states as fixed context. The right-hand
policy conditions on the left hand and both arms, and
additionally uses tactile observations to stabilize the hold
and regulate interaction during cutting. Observations include
the segmented object point cloud from a calibrated fixed-
view RGBD camera, along with proprioceptive and tactile
signals. We (i) register the object point cloud over time to
reduce viewpoint drift, and (ii) temporally synchronize tactile
signals with the visual/proprioceptive streams so contact
events are aligned. This simplifies learning for contact-rich
behaviors.

Using a single action head for both arm motion and
hand/knife interaction is unstable, so we predict separately:

• Arm: global geometric motion (approach and pose
alignment relative to the object).

• Hand/knife: local contact interaction (grasp stability
and cutting dynamics), as seen in fig. 3.

We also process tactile signals as effector-specific token
groups (tied to the hand/knife they come from), which
improves robustness to brief, localized tactile transients [22].

Let ot denote the aligned observation at time t (point
cloud, proprioception, tactile). The policy predicts arm and
hand action chunks over a stage-dependent horizon Ht:

πθ

(
aarm
t:t+Ht

, ahand
t:t+Ht

| ot
)
. (3)

B. Adaptive action chunking for Sim2Real deployment

We use variable action chunking as a post-training
Sim2Real strategy to improve robustness to execution-rate



Training
regime Food Progress ↑ Success ↑ Integrity ↑

Sim-only

Strawberry 10/25 6/25 10/25
Apple 5/25 4/25 5/25
Banana 16/25 12/25 14/25
Potato 15/25 12/25 11/25
Avg. 46/100 34/100 40/100

Real-only

Strawberry 12/25 8/25 10/25
Apple 6/25 4/25 4/25
Banana 17/25 12/25 14/25
Potato 9/25 7/25 9/25
Avg. 44/100 31/100 37/100

Sim+Real
(Ours)

Strawberry 19/25 12/25 14/25
Apple 14/25 8/25 7/25
Banana 24/25 18/25 23/25
Potato 19/25 12/25 16/25
Avg. 76/100 50/100 60/100

TABLE I: Sim-to-real gap and the effect of mixing simula-
tion and real demonstrations (25 trials per food).

mismatch and contact timing uncertainty. Following [23],
[24], we execute long chunks for coarse free-space motion
and short chunks with frequent re-planning near contact.

From demonstrations, we annotate two levels of temporal
anchors: (i) key checkpoints that mark stage transitions (e.g.,
grasp and contact initiated), and (ii) subkey steps within a
stage that correlate with perceptual change. These anchors
define a discrete stage token zt ∈ Z and a nominal per-stage
chunk horizon H̄(zt), with larger H̄(z) for long-horizen
stages and smaller H̄(z) for contact-sensitive stages. We
sample the chunk length around the nominal horizon:

Ht ∼ p(H | zt) = λUnif
(
Hmin(zt), H̄(zt)

)
+ (1− λ)Unif

(
H̄(zt), Hmax(zt)

)
.

(4)

The first component performs interpolation, which helps
when real contact occurs earlier than in simulation. The
second performs extrapolation (longer-than-nominal chunks,
more open-loop execution), improving tolerance to slower
dynamics and perception latency. We set Hmin(z) smaller for
contact-heavy stages and allow larger Hmax(z) for free-space
motion.During post-training, we supervise the expert action
chunk of length Ht for the current stage zt. At inference,
we execute Ht steps open-loop:

at:t+Ht−1 ← πθ(ot, zt), replan from ot+Ht
. (5)

In the real system, the policy conditions on the segmented
strawberry point cloud, proprioceptive and tactile signals.
We use three stages with nominal horizons: (i) approach
& grasp (H̄=64), (ii) knife positioning (H̄=128), and (iii)
cutting with tactile feedback (H̄=16).

IV. EXPERIMENTAL EVALUATION

We evaluate whether the learned policy transfers to real
food cutting under real sensing and contact, and whether
simulation-based densification improves generalization to

unseen instances. Standard manipulation benchmarks [25],
[26], [27] do not capture deformable, contact-rich, long-
horizon food cutting, so we evaluate directly on a real food-
halving task.

A. Task setup and evaluation protocol

We study four foods: strawberry, apple, banana, potato.
Training uses 5 real demonstrations and 50 simulated se-
quences per instance; scaling results are deferred to the
supplementary material. We evaluate 25 real instances per
category. Following [28], the robot must halve the food
without crumbling. A trial is successful only if the knife fully
traverses the object and yields two cleanly separable halves.
To test robustness, we randomize the planar placement of
the food within the reachable workspace. Natural variation
in geometry and material properties is treated as bounded
deployment variability, and no object shape is pre-calibrated.

a) Metrics: Over 25 trials per category, we report
Progress (↑): reaching valid initial cutting contact; Success
(↑): fully cutting through with safe termination; and Integrity
(↑): preserving acceptable post-cut condition.

B. Sim-to-real gap and the effect of mixing sim and real data

We compare three training regimes: Sim-only, Real-only,
and Sim+Real (Augmented). All policies are evaluated on
the same held-out real setups, isolating the effect of training
data and directly testing within-category generalization. In
total, we run 300 real-world trials.

Tab. I shows that single-source training transfers poorly.
Aggregated over 100 real trials (4 foods × 25 instances),
Sim-only achieves 46% progress, 34% success, and 40%
integrity, while Real-only achieves 44%, 31%, and 37%.
Sim+Real (Augmented) performs best with 76% progress,
50% success, and 60% integrity. These results show that
simulation densification narrows the sim-to-real gap and
improves within-category generalization. Additional results
are provided in the supplementary material.

V. CONCLUSION

We presented DEXNINJA, a differentiable real-sim-real
data augmentation framework for dexterous food cutting.
From a small set of teleoperated demonstrations, DEXN-
INJA reconstructs and registers object assets with multi-
modal sensing, estimates physically interpretable parame-
ters, and expands the training distribution via physics-aware
randomization and knowledge-guided instance generation.
A custom differentiable simulator couples robot dynamics,
tactile contact, and deformable cutting for scalable rollouts
and gradient-based fitting, while policies use an ACT-style
transformer with separated arm/hand control and adaptive
action chunking for robust execution. Experiments on varies
instance indicate that sim-only or real-only training is in-
sufficient: combining real demonstrations with DEXNINJA’s
augmented pipeline improves robustness to unseen shapes
and sizes.
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APPENDIX I
RELATED WORKS

A. Data generation and differentiable simulation
Scalable data generation is increasingly studied for robot

manipulation [29], [30], [31]. Trajectory-centric methods
such as MimicGen generate large-scale simulation trajecto-
ries [32], while DemoGen extends this capability to real-
world demonstrations [33]. R2RGen samples over object
pose distributions [34], and Giga-0 further expands variation
to appearance and motion [35], [36]. Pointworld directly
synthesizes 3D point flows as motion representations [37].
In contrast, we focus on physical densification for topology-
changing tasks: rather than only generating trajectories or
poses, we densify mass, geometry, and friction (optionally
appearance) in a differentiable loop to improve system
identification and policy robustness. Since contact forces are
difficult to infer from vision alone, we further leverage tactile
signals to constrain contact estimation [38].

Gaussian Splatting has become practical for robotics per-
ception [39], [40], [41], [42], [43] and simulation [44]. Robo-
GS presents a Real2Sim pipeline for identifying object physi-
cal parameters [18], SplatSim shows that photo-realistic sim-
ulation improves policy robustness [45], and GSWorld unifies
Gaussian splatting with URDF for simulation datasets [46].
These works motivate appearance randomization and control-
lable rendering to reduce sim2real gaps [47]; in our frame-
work, appearance augmentation complements physics densi-
fication and can be integrated into the same pipeline [48],
[49], [50], [51], [52], [53]. More broadly, system iden-
tification recovers latent physical properties by matching
predicted and observed dynamics, including approaches that
infer parameters from vision [54] or videos [55], and physics-
integrated Gaussian representations that connect rendering
primitives with simulated states [56]. Related works also
use object-centric tracking and reward signals to link visual
observations with action outcomes, reducing supervision for
manipulation [57], [43].

For topology-changing manipulation specifically, we build
on physics-based simulators and differentiable cutting mod-
els such as Taccel [58] and DiSECt [59], which enable
gradient-based simulation of fracture and topology change.
RoboNinja studies cutting under randomized object proper-
ties [8], [60]. Classic rule-based cutting plans tool paths and
interaction forces along predefined trajectories [61], while
vision-based cutting incorporates visual feedback for align-
ment and deformation control [6] and force-aware controllers
adapt motions using force sensing [28]. We treat mesh geom-
etry as a initial condition for MPM based cutting dynamics,
enabling structured densification around real objects [62],
[63], [64], [65]. Unlike pure randomization or heuristic
control, we enforce topology consistency and anchor the
distribution to real2sim reconstructed meshes or Gaussian
splatting.

B. Dexterous manipulation and Teleoperation
Dexterous manipulation spans universal grasping, task-

specific skills, learning from video, and reward learning. Uni-

versal grasping enables zero-shot, contact-aware control [66],
[67], while task-specific methods learn skills such as in-
hand rotation and compliant grasping [68], [69], [70], [71].
Learning from human videos reduces robot data needs but
is often open-loop [72]. Representation- and theory-driven
works seek unified interaction abstractions for cross-task and
cross-embodiment generalization [73], [74], [75], [9], [76],
[77], while reward-based methods learn transferable visual
rewards [78].

Tactile sensing is key to robust dexterous manipulation,
especially for visual–tactile cutting where spatio-temporal
force–contact cues matter [79]. We therefore leverage dif-
ferentiable tactile simulation to improve learning and gen-
eralization [80], [81], [82]. To obtain physically executable
real2sim data, we retarget teleoperation demonstrations into
the robot base frame under kinematic constraints. This
enables efficient collection of contact-rich trajectories with
improved operator perception, while UMI further standardize
and scale cross-embodiment datasets that support training
generalist manipulation policies [83], [84], [85], [86].

APPENDIX II
PROBLEM FORMULATION

We consider the problem of dexterous food cutting with
tool use, where a robot equipped with a dexterous hand and
a knife interacts with deformable food items (e.g., strawber-
ries) whose physical properties vary across instances.

A. Observation space

At each discrete time step t, the robot receives a multi-
modal observation

ot =
{
ovis
t , otac

t , oprop
t

}
∈ O, (6)

where: (i) ovis
t denotes the visual observation from RGB-D

sensors, represented as a point cloud of the scene including
the target instance fruit, tools and background, (ii) otac

t

contains tactile measurements from fingertip sensor arrays,
and (iii) oprop

t denotes robot proprioceptive signals such as
joint positions, joint velocities, and hand configuration states.

a) Target Instance: We represent each instance instan-
tiated with physically interpretable parameters

ϑt =
(
m,µf , E, ν,G(t)

)
, (7)

where m is mass, µf is an effective Coulomb friction
coefficient, G is the geometry (mesh/particles) regarding
time, and (E, ν) are Young’s modulus and Poisson’s ratio
for isotropic linear elasticity. For reference, uniaxial stress–
strain satisfies σ = E ε in the small-strain regime, and in 3D
isotropic elasticity we convert (E, ν) to Lamé parameters

λ =
Eν

(1 + ν)(1− 2ν)
, G =

E

2(1 + ν)
, (8)

where λ controls volumetric response and G (shear modulus)
controls shear resistance [56].



b) Knife and Scene background: The knife is treated as
a known rigid tool with structured model together with scene
background directly represented as a colored point primitives

P = {pk}NP

k=1, pk = (xk, ck), xk ∈ R3, ck ∈ Rd,
(9)

(e.g., d = 3 for RGB point cloud, d = 11 for Gaussian
Splatting), obtained from the RGB-D stream. Thus, we can
represent the visual observation as eq. (10)

ovis
t = (ϑt, P ) ∈ Ovis. (10)

c) Tactile observation: The tactile observation otac
t en-

codes distributed contact measurements from fingertip tactile
sensor arrays, as seen example in fig. 3.

otac
t = {U(f)

t }
Nf

f=1, U
(f)
t ∈ RH×W×C , (11)

where Nf is the number of tactile-equipped fingers, and
each U

(f)
t is a spatial taxel array of resolution H×W . Each

taxel stores a C-dimensional local contact feature vector. For
a taxel at grid location (i, j), uij =

(
pij , γij , δij

)
, where

pij denotes normal pressure, γij ∈ R2 represents tangential
shear stress, and δij is the local surface deformation.

d) Robot Proprioceptive observation: The propriocep-
tive observation oprop

t describes the internal state of the robot
kinematics. We represent it as

oprop
t =

(
qt, q̇t, ht

)
, (12)

where qt ∈ Rn and q̇t ∈ Rn denote the joint positions
and joint velocities of the robot arm, respectively, and ht

represents hand configuration states, including finger joint
angles and grasp mode indicators.

B. Policy and control

a) Actions: Let ot ∈ O be the deployable observation
at time t from (6). We decompose the robot action as

at =
(
akin
t , atac

t

)
, akin

t ∈ Akin, atac
t ∈ Atac, (13)

where akin
t controls large-scale kinematic motions (left

arm, right arm, and left hand), while atac
t modulates

contact-sensitive right-hand behavior (e.g., grip force, finger
impedance, or local compliance).

Conditioned on the static visual geometry, we model the
kinematic component as a deterministic mapping

akin
t = f

(
ovis) , (14)

implemented in practice via object-centric motion specifica-
tion and deterministic planning that maintains the desired
blade–fruit geometry. The tactile component is modeled as
a observation-conditioned feedback policy

atac
t = π

(
otac
0:t,o

prop
0:t

)
, (15)

which is closed-loop to tactile and proprioceptive observa-
tion.

b) Demonstration data: We assume access to a dataset
of each episode of expert demonstrations

D =
{(

ot, at
)}

, (16)

where t indexes time steps within each episode. Each tuple
consists of the deployable observation ot ∈ O, the executed
action at ∈ A.

c) Objective functions: We learn a hybrid control archi-
tecture with two parameterized policies: a kinematic policy
fϕ : Ovis → Akin and a tactile policy πθ : Otac,Oprop →
Atac. Given demonstration data D, learning is applied only
to the tactile control component. We therefore optimize

min
ϕ,θ

Eτ∼D

[
T∑

t=1

(
L
(
fϕ(o

vis
t ), πθ(o

tac
0:t,o

prop
0:t ), at

)]
(17)

APPENDIX III
SUPPLEMENTARY DETAILS FOR THE REAL-SIM-REAL

PIPELINE

This appendix expands Sec. II-A with the full kinematic
relations and the trajectory-generation objective.

A. Notation and Object-Centric Transfer
We denote coordinate frames by F(·) and rigid transforms

by ATB ∈ SE(3), which map points from frame FB to
frame FA. We use the world, food, knife, and end-effector
frames FW , FS , FK , and FE . A time-parameterized knife
trajectory in the world frame is {WTK(t)}Tt=0 with terminal
time tf .

From the teleoperated episode, the knife motion relative
to the food is
STK(t) =

(
WTS

)−1 WTK(t), STK,f = STK(tf ).
(18)

When the knife is rigidly grasped, the transform from the
end-effector to the knife is approximately constant:

ETK(t) =
(
WTE(t)

)−1 WTK(t) ≈ ETK . (19)

This relation explains why the skill transfers across object
placements. For a new food pose W T̃S , replaying the same
object-centric knife motion gives

W T̃K(t) = W T̃S
STK(t), (20)

and the corresponding end-effector motion is
W T̃E(t) =

W T̃S
STK(t)

(
ETK

)−1
. (21)

Thus, changes in global object pose affect the trajectory
only through left-multiplication, while the relative knife–
food motion is preserved.

B. Stage I: Single Real Demonstration
We collect one successful cutting episode via teleopera-

tion [87], [88], [89], [90] and record synchronized multi-
modal observations

ot = {ovis
t ,otac

t ,oproprio
t }, (22)

together with the executed action at. We also estimate the
food pose WTS and reconstruct the food, knife, and support
surface in metric scale [18], [91].



C. Stage II: Real-to-Sim Reconstruction and Data Densifi-
cation

We initialize the reconstructed assets in our simulator [8],
[17], [92] and enable deformable, topology-changing food
dynamics. This is necessary because cutting alters the con-
tact geometry and can induce separation, which rigid-body
proxies cannot represent reliably.

We sample food instances by varying geometry and phys-
ical parameters θ (e.g., mass, compliance, friction) and gen-
erate perturbed object-centric knife trajectories {ST(i)

K (t)}
around the demonstrated template by varying the start pose,
approach angle, and small pose noise. Each sampled knife
trajectory is mapped to an end-effector motion via

WT
(i)
E (t) = WTS

ST
(i)
K (t)

(
ETK

)−1
, (23)

and converted to feasible joint-space trajectories q(i)(t)
using inverse kinematics [93]. Executing these motions in
simulation yields an augmented dataset

D =

N⋃
i=1

{(
o
(i)
t , a

(i)
t

)}Ti

t=0
. (24)

Tactile sensing is modeled consistently between the real
system and simulator, allowing simulated contact signals to
be used directly during training.

a) Trajectory generation objective.: To refine candidate
cutting motions, we optimize a knife trajectory {(xi, θi)}Ti=0

by differentiating through the unrolled simulator, where xi

is a knife reference point and θi is the in-plane knife angle.
Let d(p) denote the ground signed distance field (SDF). At
each step we sample K points across the blade width wknife,

pi,k = xi + αk wknife dir(θi), αk = k
K−1 ,

dir(θi) =
[
− sin θi cos θi 0

]⊤
.

(25)

and use the smooth hinge

srelu(x) = 1
2

(
x+

√
x2 + ε

)
. (26)

The nonnegative knife–ground gap is

gi =
1

K

K−1∑
k=0

srelu
(
d(pi,k)

)
. (27)

We minimize

L = wcutLcut + wcolLcol + wrotLrot + wmoveLmove, (28)

where the cutting term encourages surface approach and
stepwise progress,

Lcut =
1

T + 1

T∑
i=0

wi g
2
i+

λprog

T

T∑
i=1

[
srelu

(
gi − (1− ρ)gi−1

)]2
, wi =

(
i+ 1

T + 1

)2

,

(29)
the collision term penalizes interpenetration with margin m,

Lcol =
1

(T + 1)K

T∑
i=0

K−1∑
k=0

[
srelu

(
− (d(pi,k) +m)

)]4
,

(30)

and the regularizers encourage smooth and consistent motion,

Lrot =
1

T

T−1∑
i=0

(θi+1 − θi)
2, Lmove =

1

T

T−1∑
i=0

(θki − θvi )
2.

(31)
Here θki denotes the knife angle and θvi the instantaneous
motion direction.

D. Stage III: Policy Learning and Iterative Refinement

We train closed-loop policies on the augmented simula-
tion episodes using only deployable sensing. In our imple-
mentation, the arm cutting policy and the dexterous-hand
interaction policy are learned separately with adaptive action
chunking (Sec. III). During real-world deployment, failure
cases are fed back into Stage II by enlarging the simulated
distribution over the relevant factors, such as approach angle,
end-effector pose, compliance, or friction.

APPENDIX IV
CONTINUATION ON A SHAPE MANIFOLD FOR DATA

AUGMENTATION

We model each food category as a continuous family of
shapes induced by a learned geometric prior. Starting from a
nominal real instance for which a cutting motion succeeds,
we densify training data by (i) sampling nearby instances on
the category shape family and (ii) transferring the nominal
motion to these nearby instances via local continuation (small
corrective adjustments that preserve feasibility).

a) Data augmentation pipeline: Fig. 1 summarizes
the full pipeline. Given simulated observations or real-
captured references, we first infer the object category using
a detector. A summarization module then extracts attribute-
level descriptors (e.g., coarse shape, surface characteristics)
and encodes them into a structured semantic representation
designed to remain consistent across domains. Conditioned
on the predicted category and these attributes, a gener-
ative module synthesizes diverse yet physically plausible
instances that remain within the target domain distribution.
This knowledge-guided generation enables controlled vari-
ation in geometry and appearance while preserving task-
relevant physical properties, yielding large-scale, domain-
consistent data densification. The resulting in-domain tex-
tual descriptions are used to generate controllable images,
which are then lifted to 3D assets (including 3D Gaussian
Splatting (3DGS) representations and meshes). Additional
implementation details are provided in the supplementary
material. This pipeline induces a learned shape prior and
yields a nominal reconstructed instance, which we formalize
next.

b) Shape generation and local manifold structure: Let
Z ⊂ Rdz denote the latent space and let

G : Z →M, z 7→ G(z), (32)

be an implicit geometry generator, where M is the family
of physically plausible food geometries represented by the
implicit model. We use the term shape manifold in the local
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Fig. 4: On-manifold approximation of real-data neighborhood for data augmentation pipeline.

sense that, under an appropriate geometry metric dM(·, ·),
the generator is locally regular: small perturbations in z in-
duce small changes in geometry.1 Given a reconstructed real
instance, we obtain a nominal latent code z0 and geometry
G(z0). We densify the training distribution by sampling z
within a neighborhood of z0, thereby producing a continuum
of related instances (Fig. 4).

c) Local regularity and analytical reliability: Our con-
tinuation argument relies on local smoothness of the de-
terministic mapping from deployable visual observations to
actions, f(ovis) (cf. (14)). Assuming f is differentiable in a
neighborhood of a successful anchor observation o⋆, a first-
order expansion gives

f(o) = f(o⋆) + Jf (o
⋆)(o− o⋆) + r(o), (33)

where Jf (o
⋆) is the Jacobian and the remainder satisfies

∥r(o)∥ = o(∥o − o⋆∥) as o → o⋆. Equivalently, by the
mean-value theorem, there exists a neighborhood N (o⋆) and
a constant Lf such that ∥f(o) − f(o⋆)∥ ≤ Lf∥o − o⋆∥
for all o ∈ N (o⋆). This formalizes the key intuition: small
observation/instance perturbations admit proportionally small
action corrections, which is precisely the regime in which
continuation is numerically stable and analytically justified.

d) Neighborhood of demonstrations: Let D0 =
{(oi, ai)}N0

i=1 denote deployable observation–action pairs col-
lected from a teleoperated episode. We evaluate candidate
actions in simulation using a binary feasibility predicate

S(o, a) ∈ 0, 1, (34)

which indicates whether the action succeeds under both
local (object-level) and global (scene-level) constraints, i.e.,
it passes the cutting and collision tests.

We capture this neighborhood by fitting a local corrective
policy Γθi around each anchor:

θ⋆i = argmax
θ

Eo∼µi

[
S
(
o,Γθ(o)

)
− β ∥Γθ(o)− ai∥2

]
,

(35)
where µi is a distribution over observations induced by (i)
small state perturbations, (ii) physics randomization, and (iii)
local shape variation z ∼ νi through (32). The quadratic term
anchors the correction to the demonstrated action ai, while
allowing the policy to compensate for mismatches introduced
by deformation and partial separation during cutting. In
this sense, Γθ⋆

i
acts as a continuation operator: it tracks

1Concretely, it suffices that G is locally Lipschitz: for z in a neighborhood
of z0, dM(G(z),G(z0)) ≤ LG∥z − z0∥.

a successful behavior as instance parameters vary locally
along the learned shape family, while remaining close to the
nominal action to ensure numerical stability.

e) Augmented data generation: We generate additional
samples by rolling out the local corrective policies in simu-
lation and retaining only successful outcomes:

Daug = D0 ∪
N0⋃
i=1

{
(o, a) : o ∼ µi, a = Γθ⋆

i
(o), S(o, a) = 1

}
.

(36)
Compared to naive perturbation, continuation concentrates
samples on regions that remain physically feasible under
geometry variation and cutting-induced topology changes.

A single teleoperated episode captures only a narrow
slice of the skill (one instance, one grasp, one approach).
We therefore use simulation as a data densification engine
(Fig. 4) to expand this slice into a broad set of consistent
rollouts over diverse instances sampled from the category
prior, while restricting observations to deployable sensing
modalities.

A. Tactile simulation while cutting

The right-hand data generation has two components. (1)
Pre-Grasp: we reuse expert grasp priors [94] to generate a
kinematically feasible hand pose that encloses the strawberry.
(2) Tactile adaptation: the hand control policy can handle
deformation and contact during cutting.

We implement tactile sensing in our differentiable MPM-
based simulator [8]. Concretely, for each fingertip (or tactile
pad), we build a SDF in the sensor’s local frame. At each
simulation step, we detect particles that enter the near-surface
band of the SDF. Using their positions and velocities, we
estimate contact events and compute contact impulses/forces
by combining (i) penetration depth and (ii)relative tangential
velocity between particles and the sensor surface. We then
aggregate these per-particle contributions into a compact
tactile observation by spatially binning forces over the sensor
surface.

To generate tactile adaptation data, we simulate the full
grasp-and-cut sequence starting from the initial grasp. When
tactile signals indicate incipient slip , we apply small correc-
tive finger motions to maintain stable contact while allowing
compliant deformation. We record these state–action pairs
as supervision for the second-stage right-hand policy. To
bridge sim-to-real, we calibrate a lightweight mapping from
simulated forces to sensor readings (scale/offset and noise
models), improving robustness to contact variations.



B. Scene level and hardware registration

We register the canonical object–knife trajectory into the
real-world hardware setting. Specifically, we estimate the
fruit pose in the world frame, compute the rigid transform
from canonical to world coordinates, and apply it to the
nominal knife trajectory. The resulting world-frame end-
effector targets are converted into robot joint trajectories
using inverse kinematics and time-parameterization, while
enforcing joint limits, velocity and acceleration limits, and
end-effector orientation constraints. For bi-manual execution,
we synchronize both arms through a shared timeline so
that the stabilizing grasp precedes cutting and maintains
contact throughout the interaction.To ensure safety and feasi-
bility, we perform collision-checking and trajectory filtering
using fast motion planning libraries [17], [93]. We re-
ject trajectories that violate self-collision constraints, collide
with the environment (table, branches, etc.), or approach
kinematic singularities.Finally, we bridge residual sim2real
discrepancies with targeted randomization at fruit pose noise.
This complements the object–knife canonical planning, and
improves robustness when transferring the learned policy to
different robot embodiments .

APPENDIX V
ADDITIONAL EXPERIMENTS

We present additional ablations to isolate the contributions
of: (i) our full DexNinja pipeline relative to a standard
Reinforcement Learning baseline (ROBONINJA) [8], (ii) the
scale of simulation-based densification, and (iii) robustness
to variability in the initial object pose.

We keep the model architecture and optimization hyper
parameters fixed; differences are attributable primarily to the
training data source/scale or to test-time perturbations.

• Baseline comparison: How does DexNinja compare to
ROBONINJA under identical real-world evaluation?

• Data scaling: Does adding more simulated densification
episodes improve real-world success?

• Pose robustness: Does performance degrade under
randomized object placement?

A. Baseline comparison against RoboNinja

Tab. II compares DexNinja to ROBONINJA under the same
real-world protocol (40 trials total; 10 per object). DexNinja
achieves 23/40 successes (57.5%) versus 12/40 (30.0%) for
ROBONINJA, a +27.5 percentage-point improvement and a
1.92× relative gain in success rate.

At the object level, we observe improvements on Straw-
berry (+5/10), Potato (+3/10), and Banana (+7/10), sug-
gesting that gains are not isolated to a single instance type but
extend across multiple deformable foods. Performance de-
creases on Apple (−4/10), indicating a remaining category-
specific gap. We view this as a targeted augmentation op-
portunity: Apple may require stronger coverage of category-
specific geometry, surface conditions, and contact/cutting
regimes than the current densification distribution provides.

TABLE II: Baseline comparison between RoboNinja and our
method on four objects. We report successes over 10 trials
per object; Avg. aggregates over all 40 trials.

Method Strawberry Potato Banana Apple Avg.

RoboNinja (baseline) 1/10 2/10 2/10 7/10 12/40
Ours 6/10 5/10 9/10 3/10 23/40

TABLE III: Scaling law of simulation augmentation for real-
world cutting. We train with a fixed real dataset and add N
simulated episodes; values are real-world success (25 trials
per food), and Avg. aggregates 100 trials.

+Sim episodes N Strawberry Banana Potato Apple Avg.

10 9/25 14/25 8/25 5/25 36/100
50 12/25 18/25 12/25 8/25 50/100
100 14/25 20/25 13/25 9/25 56/100
300 16/25 22/25 15/25 10/25 63/100

B. Computation and cost

Our simulation-based densification is GPU-accelerated
and memory intensive. Generating one simulated episode
(deformable cutting + tactile synthesis) requires approxi-
mately 20 GB GPU memory and about 10 minutes on
a single GPU in our current implementation. The total
data-generation cost scales approximately linearly with the
number of simulated episodes: for N episodes, the nominal
cost is ≈ 10N minutes (equivalently, N/6 GPU-hours),
excluding parallelization across multiple GPUs.

Because all ablations in this section hold the model ar-
chitecture, training hyperparameters, and evaluation protocol
constant, observed performance differences can be attributed
primarily to data scale or test-time conditions rather than
training confounders.

C. Scaling simulation data

We evaluate how simulation scale affects real-world suc-
cess by varying the number of simulated densification
episodes used during training, while keeping (i) the real
teleoperated demonstrations, (ii) the architecture, and (iii)
optimization hyperparameters fixed. Each policy is evaluated
with the same real-world protocol described above.

As shown in Tab. III, increasing the simulation budget gen-
erally improves real-world performance, consistent with the
hypothesis that densification expands coverage of contact-
rich regimes that are hard to capture from limited teleoper-
ation. Returns are not strictly linear, due to a combination
of (i) saturation once key interaction modes are sufficiently
covered and (ii) evaluation variance from a finite number
of real trials. Given the near-linear episode generation cost
(Sec. S5.2), these results motivate prioritizing diversity and
coverage in the simulated distribution in addition to simply
scaling episode count.

D. RoboNinja baseline implementation details

We implement RoboNinja as faithfully as possible based
on the publicly available description, matching task setup and



evaluation. Our system requires the dexterous hand to grasp
and manipulate the knife. In the original ROBONINJA setting,
the knife is rigidly attached to the hand (e.g., taped), which
removes grasp slippage and changes tool–hand interaction
dynamics. To remain faithful to the baseline assumption, we
rigidly attach the knife when evaluating ROBONINJA.

We could not determine the exact force sensor model
and calibration used in the original ROBONINJA submission
(the released repository version has an misleading link).
We therefore approximate force feedback using a scalar
contact/force estimate derived from our tactile readings. This
yields a comparable contact-aware signal, but may not match
the original sensor noise/dynamics; baseline results should be
interpreted with this approximation in mind.

E. Robustness under randomized object placement

Real deployments cannot assume fixed object placement.
Following prior work on generalizable visuomotor poli-
cies [95], [21], [86], we evaluate robustness to object
placement variation by randomizing the food position and
orientation on the cutting board. For each trial, we estimate
the object 6D pose using a calibrated RGB-D camera and
FoundationPose [91], then align observations/actions to the
canonical object frame used during training. Tab. IV sum-
marizes results and indicates that the policy remains robust
under these pose variations.

These experiments highlight three conclusions: (1) Un-
der identical real-world evaluation, DexNinja outperforms
the standard RL baseline RoboNinja in aggregate success,
supporting improved sim2real robustness for contact-rich
cutting; (2) Increasing densification data generally improves
performance, but with diminishing returns relative to com-
pute cost; and (3) canonical-frame alignment with pose
estimation supports practical robustness to deployment-time
placement variability, while residual failure modes (e.g., Ap-
ple) motivate targeted augmentation and improved category-
specific contact modeling.

APPENDIX VI
KNOWLEDGE-GUIDED DATA AUGMENTATION

We implement the knowledge-guided augmentation
pipeline as a staged, loop-closure curation process that
converts real-world captures into: (i) clean single-object
reference images with transparent backgrounds, and (ii)
validated 3D assets (3DGS or meshes) that pass multi-view
consistency checks.

a) Inputs: For each raw capture, we start from an RGB
(or RGB-D) image I that may contain clutter, occlusion, and
background context. A detector predicts the food category
y ∈ Y . A summary agent extracts attribute-level descriptors

s = Summarize(I, y),

including coarse shape (e.g., elongated vs. round), surface
(e.g., smooth vs. bumpy), color (e.g., pale green to deep
red), and ripeness cues (e.g., glossiness, bruises). We store
s as a structured record to enforce cross-domain consistency
(simulation and real) and to condition subsequent generation.

b) Template-constrained description synthesis: Raw
captures often have partial views or quality issues (motion
blur, occlusions). Instead of directly using I as a canonical
reference, a generation agent produces a detailed text de-
scription

p = Describe(I, y, s),

formatted in a constrained template to improve controllabil-
ity, e.g., “This is a <adj> <object> with <features>”,
where <features> enumerates extracted attributes in a
fixed order (shape/surface/color/ripeness).

c) Image cleaning via inpainting and transparency:
Given (I, p, s), we inpaint a single-object canonical view:

Ĩ = InpaintToCleanSingleObject(I, p, s),

enforcing: (i) one centered object, (ii) no
hands/tools/background clutter, and (iii) transparent
background (alpha matte). The goal is to remove occluders
and background while preserving instance attributes encoded
by s and p.

d) Automatic quality control (QC) for 2D: We fil-
ter generated images using a vision-language judge. Given
(Ĩ , y, s, p), the judge returns a decision q2D ∈ {0, 1} and
optional rejection reasons (e.g., multiple objects, background
not transparent, attribute mismatch, artifacts). Rejected sam-
ples may be re-inpainted with stricter constraints derived
from rejection reasons.

e) 3D asset generation and multi-view validation: For
each retained clean image Ĩ , we generate a 3D representation
using an image-to-3D backbone (e.g., Trellis [96]), producing
either a 3D Gaussian Splatting asset G or a mesh M:

A ∈ {G,M} = LiftTo3D(Ĩ).

We render K views {Îk}Kk=1 from predefined camera poses
and perform 3D QC:

q3D = JudgeMultiView({Îk}Kk=1, y, s),

checking (i) identity preservation across views, (ii) geometric
plausibility (no missing lobes / melted structure), and (iii)
appearance stability (no view-dependent texture tearing).
Assets passing q3D = 1 are added to the category pool
for simulation rollouts and local continuation around real
anchors.

f) Outputs: The pipeline returns curated paired assets:

{(Ĩj , Aj , yj , sj , pj)}
Nkeep
j=1 ,

where each element is a transparent single-object image, a
validated 3DGS/mesh, and its structured attributes. These
assets approximate a controllable neighborhood around real
anchors for densification (Sec. V of the main paper).

APPENDIX VII
SIMULATION DETAILS

We treat each physical food item as a unique deformable
instance with distinct geometry and contact response. Real
demonstrations are collected via teleoperation and serve both
as imitation targets and as anchors for real2sim2real transfer.



TABLE IV: Robustness to random food placement in the real world. For Random, we place the object at different
positions/orientations on the board and estimate its 6D pose with FoundationPose [91]. We report the number of trials
achieving Progress (knife reaches the pre-cut contact region), Success (object is cut/halved), and Integrity (food remains
intact aside from the intended cut)

Food Placement Progress ↑ Success ↑ Integrity ↑

Strawberry Canonical 19/25 12/25 14/25
Random (FoundationPose) 13/25 8/25 11/25

Banana Canonical 24/25 18/25 23/25
Random (FoundationPose) 20/25 13/25 17/25

Potato Canonical 19/25 12/25 16/25
Random (FoundationPose) 14/25 8/25 12/25

Apple Canonical 14/25 8/25 7/25
Random (FoundationPose) 14/25 6/25 5/25
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Fig. 5: Generated instance samples from the knowledge-
guided augmentation pipeline.

To expand coverage beyond limited real demonstrations,
we densify interaction data using simulation. Our pipeline
follows prior work on tool interaction and deformable sim-
ulation (e.g., [97], [98]) and includes:

• Object reconstruction: mesh reconstruction from vi-
sual observations (e.g., Robo-GS [18], [99]).

• Deformable cutting: particle-based cutting simulation
(e.g., [17], [8], [59]).

• Tactile synthesis: tactile modeling for aligned contact
supervision (e.g., [58], [100]).

We model cutting as the composition of three coupled
interactions: (i) robot–fruit contact that stabilizes the object
and constrains motion on the board [8], (ii) robot–tool
interaction that determines how the robot kinematically and
dynamically excites the tool (e.g., wrist compliance, grasp
stability, and force transmission) [79], [94], and (iii) tool–
fruit interaction that governs penetration, frictional sliding,

Algorithm 1: Knowledge-guided instance generation
with 2D/3D quality control

Input: Raw real-world captures {In}Nn=1

Output: Curated assets A = {(Ĩ , A, y, s, p)}
A ← ∅
for n = 1 to N do // Process each capture

y ← Detect(In)
s← Summarize(In, y)
p← Describe(In, y, s)

Ĩ ← InpaintToCleanSingleObject(In, p, s)

(q2D, r2D)← Judge2D(Ĩ , y, s, p)
if q2D = 0 then

Ĩ ← ReInpaint(Ĩ , In, p, r2D)

(q2D, r2D)← Judge2D(Ĩ , y, s, p)

if q2D = 0 then
continue

A← LiftTo3D(Ĩ) // A is 3DGS or mesh
{Îk}Kk=1 ← RenderMultiView(A)

(q3D, r3D)← JudgeMultiView({Îk}, y, s)
if q3D = 0 then

continue
A ← A∪ {(Ĩ , A, y, s, p)}

return A

and fracture-like separation within deformable material [5],
[4]. Although these interactions are strongly interdependent
in execution, this decomposition is useful because the tool is
the physical mediator: the robot influences the fruit primarily
through the tool, and the fruit reacts back to the robot through
forces and moments applied on the tool.

Visual–tactile alignment. To improve sim-to-real transfer,
we synthesize tactile observations in a frame-consistent man-
ner. Concretely, we anchor tactile signals to the active end-
effector/tool frame (rather than the world frame), using visual
pose estimates and calibrated extrinsics to align contact
location and force direction with the current tool pose [80].
This frame-consistent representation reduces spurious vari-
ation caused by object placement and camera viewpoint,
making tactile features more transferable across scenes and
embodiments.



Local-to-scene registration (implementation). A practi-
cal challenge is that deformable fruit modeling is not natively
supported in the Genesis backend used for scene-level simu-
lation, while prior cutting simulators such as RoboNinja and
DiSect do not provide a full-stack articulated robot model
with kinematics/dynamics at the scene level [8], [59]. We
therefore introduce a local-to-scene registration bridge that
uses the knife as the shared interface between two simulators.
We run a local, tool-centric cutting simulation to resolve
tool–fruit contact (including tactile signals), then project the
interaction onto the knife as external contact constraints.
Specifically, we aggregate contact into (a) contact points
expressed in the knife frame, and (b) the corresponding
force/moment (wrench) applied on the knife (optionally
summarized at the knife center of mass). We then register the
resulting knife pose/trajectory to the scene-level simulator
(Genesis), where the articulated robot executes the same
knife motion under robot kinematic constraints, while re-
ceiving the mapped external wrench as disturbance/feedback.
This design is slightly slower due to per-step data transfer,
but it is modular, general across objects/tools, and avoids re-
implementing deformable cutting inside a scene-level robot
engine.

In practice, the minimal set of quantities passed across
the bridge includes: knife pose/trajectory {Tknife(t)}, contact
points {pi(t)}, center of mass c(t) (or a fixed tool COM),
and external forces/moments {fi(t), τi(t)} (or an equivalent
net wrench).

A. Canonical object representation and scale fixing

Real2Sim reconstruction yields a mesh in an arbitrary
scale. Before simulation, we estimate a similarity transform
(scale s, canonical rotation R, translation t) to place the
object into a metric canonical frame FS .

We define FS via PCA on mesh vertices, with the first
principal axis aligned to the long axis of the object. We
then set metric scale by matching a target physical length
Ltarget (measured in-scene or assigned by a size bucket) to
the reconstructed extent ℓmax along that axis:

s =
Ltarget

ℓmax
. (37)

Consistent scale is critical: otherwise, identical knife mo-
tions imply inconsistent penetration depth and contact forces
across instances.

APPENDIX VIII
IMPLEMENTATION DETAILS

A. Hardware and sensing

All real-world experiments use a bimanual platform with:
• Robot: bimanual dexterous hands (Linkerhand L10)

with DR3 and DR5 robotic arms.
• Tactile sensing: pressure-based tactile sensors on both

hands for contact feedback during holding and cutting.
• Vision: fixed RGB-D camera (Intel RealSense D435)

as the primary exteroceptive input.

Expert demonstrations are obtained using data-collection
gloves. Unless otherwise noted, we treat expert trajectories
as noise-free supervision after standard timestamp alignment
and calibration.

B. Object-centric trajectory extraction

Let WTS denote the food pose and WTK the knife pose.
From teleoperation, we extract the knife trajectory in the
object frame:

STK(t) =
(
WTS

)−1 WTK(t). (38)

This object-centric trajectory serves as a template: it encodes
the relative blade–object geometry that should be preserved
across instances.

When the knife is rigidly grasped, we estimate the approx-
imately constant tool transform ETK from logs:

ETK(t) =
(
WTE(t)

)−1 WTK(t), (39)

and aggregate it robustly over time (e.g., averaging in se(3)
with outlier rejection).

C. Controller and safety filters

Cutting couples arm motion, knife pose, and grasp regu-
lation. We make three practical choices: We separate control
into arm and dexterous-hand groups: the arm tracks end-
effector pose targets, while the hand controller maintains
a stable grasp and regulates contact forces. Human cutting
relies on fast tactile reflexes. Our tactile pipeline is slower;
aggressive high-rate reaction can destabilize the hand. We
therefore downsample tactile features and run dexterous hand
control at a lower rate (e.g., 10 Hz rather than 30 Hz), using
tactile primarily to clamp grip force and detect incipient slip
or over-compression. The Inverse Kinematic problem is more
constrained than standard reaching: the knife is long and
collision-prone near the table and object. We use Genesis to
solve Inverse Kinematic for batched knife-pose targets and
discard/repair trajectories violating collision, joint-limit, or
singularity constraints before entering the cutting simulator.

APPENDIX IX
TRAINING DETAILS

a) Why a single shared arm–hand policy is unstable.:
Although both subsystems are controlled in joint space, their
motion statistics and effective actuation scales differ sharply.
Finger joints typically traverse a large fraction of their
physical range within an episode (e.g., sweeping from open
to closed), whereas arm joints often perform comparatively
small corrections for approach, alignment, and compliance.
If we normalize all joints with one global scale, optimization
becomes ill-conditioned: either (i) gradients and exploration
are dominated by the high-amplitude hand joints, or (ii)
the action scale is reduced to stabilize the arm and the
hand becomes under-actuated. This mismatch is amplified by
contact dynamics: once the object is touched, small pose bias,
friction differences, and compliance errors can dominate the
outcome.



To stabilize optimization and align learning with task
structure, we use: (i) group-wise action factorization with
separate normalization/scaling for arms vs. hands, and (ii)
a two-stage curriculum that separates free-space approach
from contact-rich refinement. Stage 1 reliably reaches a
task-relevant pre-contact configuration; Stage 2 uses tactile
feedback to regulate contact and complete the manipula-
tion/cutting.

A. Group-wise action parameterization and normalization
We factor the policy output into arm and hand groups,

at =
[
aarm
t , ahand

t

]
, a

(·)
t ∈ [−1, 1]d(·) , (40)

and map to joint increments using group-specific step sizes
(or per-joint scales),

∆qarm
t = sarm ⊙ aarm

t , ∆qhand
t = shand ⊙ ahand

t , (41)

where sarm is intentionally smaller than shand. In practice,
we additionally apply standard safety clipping and joint-limit
handling:

qt+1 = clip
(
qt + [∆qarm

t ,∆qhand
t ], qmin,qmax

)
, (42)

and enforce rate limits to avoid impulsive commands near
contact. This simple factorization removes the need for brittle
global normalization and yields significantly more stable
gradients during training.

B. Stage 1: approach to pre-grasp / pre-cut
Stage 1 drives both end-effectors to a reliable pre-contact

configuration (pre-grasp or pre-cut) where contact can be
initiated predictably. The objective is not to solve contact,
but to (i) reduce geometric error, (ii) avoid collisions, and
(iii) bring the system into a small neighborhood where tactile
control can take over.

Stage 1 primarily uses low-bandwidth global signals that
remain reliable in free space: robot proprioception (joint
positions/velocities), end-effector kinematics, and coarse ge-
ometric cues such as estimated object pose and target ap-
proach direction. We optionally inject mild observation noise
(pose perturbations, depth/registration noise) to reduce over-
reliance on any single sensing channel.

We train Stage 1 with imitation learning from teleoperation
trajectories and/or shaped objectives that mirror the approach
structure:

• Pose/waypoint tracking: end-effector pose error to the
pre-contact target.

• Collision avoidance: penalties for self-collision and
undesired contacts with the environment.

• Smoothness: regularization on action magnitude and
temporal variation (e.g., ∥∆qt∥ and ∥∆qt −∆qt−1∥).

To improve robustness, we use a curriculum that gradually
increases the distribution shift between the initial state and
the pre-contact target.

Stage 1 outputs both arm and hand increments using
the group-wise scaling above. Hands are guided to a task-
appropriate pre-shape (e.g., pre-grasp aperture or pre-cut
finger posture), while arms execute the primary positioning
and alignment.

C. Stage 2: tactile contact refinement

Once contact begins, residual errors that were negligible
in free space (small pose bias, friction variation, compliance
mismatch) can cause slip, unstable grasps, or failed cuts.
Stage 2 therefore focuses on local contact regulation using
tactile feedback, treating vision as optional due to frequent
occlusion and viewpoint changes during interaction.

Stage 2 augments proprioception with tactile measure-
ments. Depending on the sensor, we use either raw taxel
values or compact tactile features (e.g., contact area, center-
of-pressure, normal force proxies), along with temporal cues
(finite differences or short histories) to detect slip/shear.
We also include lightweight contact indicators to improve
robustness under partial contact.

Stage 2 outputs incremental finger joint targets using the
same group-wise scaling. Arms are executed in a compli-
ant mode near the contact configuration, optionally allow-
ing low-rate wrist micro-adjustments to maintain alignment
while the hand regulates contact.

We train Stage 2 from contact-rich segments of demon-
strations and/or reinforcement-style objectives that explicitly
reward stable interaction:

• Stable contact: encourage sustained contact without
excessive force or chatter.

• Slip/shear suppression: penalize rapid tactile changes
correlated with tangential motion.

• Task completion: grasp stability and cutting
progress/success, plus smoothness regularization.

In simulation, we randomize contact-relevant parameters
(friction, mass/inertia, compliance proxies, and minor geom-
etry perturbations) so the tactile policy does not overfit to a
single contact regime.

D. Sim2Real deployment

At deployment, we keep the same observation normal-
ization and group-wise action scaling as used in train-
ing to avoid distribution shift. We enforce standard safety
constraints: joint/rate limits, workspace bounds, and self-
collision checks, and apply mild filtering near contact to
suppress high-frequency jitter.

Since sensing is asynchronous, we align streams by times-
tamps and use the most recent synchronized sample .

We use the same stage gating as training: Stage 1 runs until
a geometric proximity criterion is met and/or tactile onset
is detected; Stage 2 takes over once contact is established.
If contact is lost unexpectedly, the controller falls back to
Stage 1 to re-acquire the pre-contact configuration before
re-entering tactile refinement.

APPENDIX X
QUALITATIVE RESULTS

We include representative real-world executions in Fig. 6.
Background colors denote object type: orange (banana), red
(strawberry), and yellow (potato).



Fig. 6: Qualitative real-world deployment results. Representative executions across food categories. Background colors
denote the object type: orange (banana), pink (strawberry), red (apple), and yellow (potato).

a) Knife initialization and handover.: Knife pre-
grasping is initialized using DexGraspNet 2.0 [94]. Con-
cretely, we use the generative grasp prior to propose stable
handle grasps and an associated end-effector pre-grasp pose,
then execute a short approach to bring the knife into a
consistent, repeatable starting configuration before closed-
loop control begins. This initialization serves two purposes:
(i) it reduces the burden on the downstream policy by stan-
dardizing the initial knife pose (position, yaw/pitch/roll, and
approach height), and (ii) it improves safety and repeatability
by ensuring the knife starts outside the contact region with
sufficient clearance from the board and the object. After
the pre-grasp is reached, our policy takes over to refine
alignment, initiate contact, and complete the slice.

b) Phase structure in real rollouts.: During approach,
the knife translates to the estimated pre-cut region while

keeping a conservative clearance and a stable orientation.
In contact initiation, the policy performs small, corrective
motions (typically millimeter-scale translations and a slight
pitch adjustment) to settle the blade against the surface
without inducing large lateral forces that would slip or topple
the object. Finally, during slicing, the knife follows a smooth,
monotonic progression through the object; we often observe
minor orientation compensation to maintain an effective
cutting angle as the contact state changes (e.g., as the blade
transitions from skin contact to deeper penetration).

Qualitatively, different food categories induce distinct con-
tact regimes that are reflected in the knife trajectory and pose
evolution. For banana (soft, high compliance), successful tri-
als tend to use a shallower entry and shorter, more continuous
slicing strokes to avoid excessive deformation that would
cause the target region to drift. For strawberry (delicate



surface and easily damaged interior), the rollouts emphasize
gentle contact initiation and reduced tangential loading; the
knife trajectory typically prioritizes stable alignment before
committing to depth, which helps preserve integrity (i.e.,
limiting damage to the intended cut). For potato (stiff, higher
cutting resistance), we observe slower progression with more
pronounced maintenance of blade orientation, consistent with
the need to sustain cutting pressure while avoiding sudden
jumps that could lead to chatter or board collision.

c) Common qualitative failure modes.: When failures
occur, they are visually attributable to a small set of recurring
issues: (i) initial misalignment (the blade contacts off-center,
leading to a biased cut or early slip), (ii) premature contact
during approach (insufficient clearance causes the knife to
bump the object and disturb its pose), and (iii) late-stage
jamming or excessive friction (the knife stalls or deviates as
the contact patch grows).

APPENDIX XI
NOTATION AND CONVENTIONS

We summarize the most frequently used symbols in
Tab. V. We use homogeneous transforms ATB ∈ SE(3)
to denote the pose of frame FB expressed in frame FA

(mapping points from FB to FA). Time indices use discrete
steps t ∈ {0, . . . , T} unless otherwise stated.

TABLE V: Notation summary.

Symbol Meaning

t, T, tf Discrete time index, episode horizon,
final time of an episode.

FW ,FS ,FK ,FE World, food/object, knife/tool, end-
effector frames.

ATB ∈ SE(3) Rigid transform from frame FB to FA.
ot = (ovist , otact , opropt ) Multimodal observation: vision, tactile,

proprioception.
at = (akin

t , atac
t ) Action split into kinematic (arm/pose)

and tactile/contact (hand) components.
ϑ = (m,µf , E, ν,G(t)) Instance parameters: mass, friction,

elasticity (Young’s modulus E, Poisson
ratio ν), and geometry G(t).

D, D0, Daug Demonstrations, anchor demo set, aug-
mented (densified) dataset.

fϕ Kinematic (geometry-driven)
policy/module (object-centric motion
specification / planning).

πθ Tactile feedback policy (closed-loop
contact regulation).

zt Stage token (e.g., approach / knife po-
sitioning / cutting).

Ht Action-chunk horizon executed open-
loop before replanning.

S(o, a) ∈ {0, 1} Feasibility predicate in simulation (suc-
cess under cutting + collision con-
straints).

I, Ĩ Raw captured image and cleaned
single-object canonical image (transpar-
ent BG).

y ∈ Y Predicted object category label.
s Structured attribute summary

(shape/surface/color/ripeness cues).
p Template-based text prompt used for

controllable generation.
q2D, q3D 2D and 3D quality-control decisions

(accept/reject).
G,M 3D Gaussian Splatting asset and mesh

asset.
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