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Curved objects pose a fundamental challenge for skill transfer in robotics: unlike
planar surfaces, they do not admit a global reference frame. As a result, task-relevant
directions such as “toward” or “along” the surface vary with position and geometry,
making object-centric tasks difficult to transfer across shapes. To address this, we
introduce an approach using Diffused Orientation Fields (DOF), a smooth represen-
tation of local reference frames, for transfer learning of tasks across curved objects.
By expressing manipulation tasks in these smoothly varying local frames, we reduce
the problem of transferring tasks across curved objects to establishing sparse keypoint
correspondences. DOF is computed online from raw point cloud data using diffu-
sion processes governed by partial differential equations, conditioned on keypoints.
We evaluate DOF under geometric, topological, and localization perturbations, and
demonstrate successful transfer of tasks requiring continuous physical interaction such
as inspection, slicing, and peeling across varied objects. We provide our open-source
codes at our website https://github.com/idiap/diffused_fields_robotics

1 Introduction

Humans routinely interact with curved objects as part of daily life, for example, slicing a banana,
peeling a cucumber, or washing dishes. These tasks require continuous physical interaction with
the object’s surface, often involving making and breaking contact at different regions. In such tasks,
motion on (or near) the surface is guided by the pose and geometry of the object. We refer to these
interactions as object-centric tasks. Unlike collision avoidance, where simplified approximations
are often sufficient, object-centric manipulation that involve physical interactions demand repre-
sentations that accurately capture surface geometry and exploit its structure. A core challenge in
these tasks is the immense variability in object shape. Even within a single category—such as
cups or bananas—geometries can differ significantly in curvature, topology, and proportions. This
variability makes it infeasible to learn and store manipulation strategies for every possible shape.
Although object-centric tasks are particularly challenging on complex surfaces, humans demon-
strate a remarkable ability to transfer learned skills across objects with significantly different ge-
ometries. Once a skill is acquired, people can intuitively adapt their motion to new instances,


https://github.com/idiap/diffused_fields_robotics
https://arxiv.org/abs/2511.18563v1

even when the underlying shape changes substantially. We argue that this adaptability arises from
using shape-invariant task descriptions paired with shape-aware representations that conform to the
specific geometry of the object. This also directly impacts what information should be learned and
transferred (/). For example, by learning trajectories using a fixed reference frame, there is the risk
of overfitting both pose and object-specific details that can act as noise and hinder generalization.
Such pose and shape-dependent details should indeed not be transferred to novel objects.

A straightforward approach for pose-invariant skill representation is to define motions in the
object’s local reference frame (2). More generally, encoding demonstrations from multiple reference
frames enables extraction of task-relevant variability (3)). Using multiple reference frames has been
extended to a dictionary of coordinate systems including cylindrical and spherical frames (4),
allowing selection of optimal geometric perspectives. Alternatively, coordinate-free descriptors (3,
6,|7) aim to capture invariants of motion without referring to coordinate systems. However, these
pose-invariant approaches do not consider the geometry of the object and typically overlook inter-
category shape variation.

In contrast, keypoint-based methods (8) describe manipulation tasks using geometric costs
and constraints on selected landmarks. These offer robustness to intra-category variation and sur-
face topology changes by filtering out irrelevant geometry. Extensions such as oriented keypoints
combine local reference frames with keypoints to support action specification and closed-loop poli-
cies (9) and more recent methods leveraged keypoints for visual imitation learning (/0, / /). Neural
Descriptor Fields (/2] 13) go further by encoding local task descriptors into pose-invariant neural
fields, while recent work leverages foundation models for learning task descriptors (/4). Instead, pol-
icy learning approaches learn perception-to-action mapping from sensory inputs such as RGB (/5]
or point clouds (/6)). Recent reactive-compliance variants explicitly integrate tactile/force feedback
to stabilize contact (/7,|/8). However, these approaches are fundamentally data-driven—requiring
demonstrations and offline training—and aim to learn end-to-end policies rather than a modular,
geometry-aware representation that can be reused across objects, controllers and tasks.

As an alternative to learning-based approaches, geometric methods use discrete differential
geometry for task transfer across surfaces. Functional mapping methods (/9,20,121) enable trans-
ferring functions over near-isometric surfaces given sparse correspondences; however, they are
limited to open-loop position trajectories constrained to object surfaces. Other approaches use
signed distances and surface parameterizations for ultrasound scanning (22), approximate expo-
nential maps for learning from demonstration on meshes (23)), and logarithmic maps for interactive
grasping design (24). While effective within their scopes, these methods generally assume clean
meshes, making them less suited to noisy, partial point clouds collected at runtime. Moreover,
they do not provide a controller-agnostic representation that can be integrated as a module within
other planning, learning, or control frameworks. Other efforts targeting continuous physical in-
teraction on curved surfaces address specific problems (e.g., bimanual coordination (25) or force
generation (26)) but do not provide fine-grained adaptation to novel object instances.

A key insight is that object-centric tasks like cleaning or slicing on a planar surface can often be
reduced to simple, repetitive motions—such as up/down or back/forth—thanks to the presence of a
consistent global frame. In contrast, curved or irregular objects lack such a global reference frame,
making task specification and transfer significantly more challenging. Oriented keypoints (9) or
using multiple body-fixed reference frames (3) can provide geometric structure for local interactions,
however they are insufficient for continuous interactions with breaking and making contact near
the surface. For that purpose, we construct a smoothly varying continuous representation of local
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frames throughout the robot’s workspace conditioned on surface geometry and a few semantic
keypoints. These local frames act as a geometric scaffold for expressing manipulation actions.
For instance, a slicing or probing task might be described using a pose- and shape-invariant task
description “slide along the object, go down and go up”: an instruction that remains well-defined
across object instances, categories, and poses. Therefore, our approach to represent and transfer
object-centric tasks consists of (i) Diffused Orientation Fields (DOF) representing a smooth field
of local reference frames conditioned on the object geometry and (ii) shape-invariant local actions
defined in those frames. These local actions can be generated by various high-level controllers
ranging from human in teleoperation to trajectory optimizer in planning and a policy programmed
using primitives or learned using reinforcement learning.

Our method reduces task-transfer to a novel object to computing its DOF from online vision and
depth input while reusing the same shape-invariant local actions. This requires the representation
to encode task-relevant geometric information across the workspace, support online computation
and tolerate noisy and partial inputs. To construct DOF online, we draw inspiration from computer
graphics. We use a partial differential equation (PDE) called the diffusion equation (also known
as the heat equation), which provides a principled way to extend scalar and vector quantities
over surfaces (27,28). The diffusion PDE is agnostic to surface discretization (29) and can be
applied directly to point clouds (30), making them well-suited to robotic problems where we do
not always have access to watertight meshes of the objects. However prior work has focused on
scalar and vector fields, and does not address the diffusion of orientations, which are critical for
defining local reference frames. Moreover, many object-centric skills are not constrained to the
object surface. Actions such as scooping or peeling often begin in free space and transition into
contact. Classical PDE-based approaches require discretizing the entire workspace (3 /) which is not
efficient. Although, methods like Kelvin-transformation (32) provide efficient alternatives still they
are impractical in robotics due to dynamic object positions. In contrast, Monte Carlo methods like
Walk on Spheres (WoS) (53,1534) offer grid-free alternatives, but are currently limited to Euclidean
domains and do not directly extend to curved surfaces. To overcome these limitations, we introduce
a novel formulation for diffusing orientations that combines PDE and Monte Carlo-based methods
summarized in Figure |1l Our contributions can be summarized as follows:

* expressing object-centric manipulation tasks as shape-invariant actions in local reference
frames

* representing local reference frames as a smooth orientation field conditioned on the point
cloud and keypoints collected online

 formulating the smooth orientation field using diffusion processes

* discretization-free online computation of the orientation field by combining surface and
workspace diffusion processes

We demonstrate that our approach provides a shape-invariant representation for continuous,
contact-rich tasks such as peeling, coverage, and slicing, enabling transfer to novel objects at
runtime. The representation is computed online, robust to input noise, and modular to be integrated
with different control, planning, or learning frameworks.
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Figure 1: Overview of the proposed representation with complete workflow. We use Spot (35))
as our canonical point cloud throughout the paper as it provides a sufficiently complex object with
a well-defined symmetry axis for cross-section views. (A) Overview of the DOF computation. (i)
Our method takes a point cloud collected at runtime and keypoints as its input. (ii)) We compute
a surface orientation field conditioned on the keypoints by solving the diffusion PDE on the point
cloud. We visualize the orientation field by using local reference frames. We show the x-axis in red,
the y-axis in green and we omit the z-axis for clarity. (iii) We extend the surface orientation field
to any point in the workspace using workspace diffusion. DOF represents smoothly varying local
reference frames across the workspace by considering the object’s surface geometry. We visualize
it as a grid to show its smoothness, but in practice, we evaluate the field only at the query position.
(B) Overview of our robot control workflow using local reference frames and actions. High-level
controllers query the DOF at the robot position to obtain the local reference frame and produce
local actions expressed in that frame for downstream tasks. These local actions are provided as
references for the low-level tracking controller.



2 Results

We provide an overview of our method and results in Movie 1. Our experiments address a central
question: can our method reduce the complexity of control, planning, and learning on curved objects
and enable online transfer? To answer this, we organize the results into four sections:

1. Object-centric task representation and transfer. We test DOF’s ability to provide a shape-
invariant representation that enables online transfer to novel objects. We consider three
object-centric tasks: peeling, slicing and coverage. We implemented these tasks as local
action primitives in local frames represented using DOF (Fig. [3). Each task demonstrates a
different tool to object relation: on the surface, above the surface, or penetrating the surface.
We quantify variation in action statistics across diverse shapes and compare against baselines

(Fig. @).

2. Integration with different control paradigms. We show the modularity of DOF as a ge-
ometric representation that can be integrated with different control, planning, and learning
frameworks. We demonstrate DOF in reactive settings using closed-loop policies and tele-
operation, in long-horizon settings using trajectory optimization, and with learned policies
using reinforcement learning (Fig. [5).

3. Robustness to sensing imperfections. Since DOF is computed online from sensor data, we
measure its robustness to geometric, keypoint and topological noise. We vary noise levels
and occlusion and compare to the noise-free reference trajectory (Fig. [6)).

4. Multi-object scenes and compositionality. We show DOF’s use in complex scenes con-
taining multiple geometric objects with different surface representations and compose a
long-horizon scoop-lift-pour task using geometric primitives as constraints (Fig. 7).

We provide a qualitative comparison of DOF against commonly used geometric representations
in robotics (Table|l) and present additional results for computational complexity and to alternative
geometric baselines in the Supplementary Materials.

2.1 System Overview

Our system comprises a 6-DoF uFactory Lite 6 robot equipped with an Intel RealSense D405 stereo
camera, a BotaSys SensONE force/torque sensor, and 3D-printed tool mounts for a knife, peeler,
and probe (Fig. [3D).

The inputs to our method are the point cloud collected online and a set of keypoints that
can be either provided by the user, automatically extracted or transferred with a learning based
approach (36). Using the object point cloud and the keypoints, our representation provides smoothly
varying local reference frames at any point in the workspace. Fig. [1|A illustrates the workflow, and
the full procedure is described in Materials and Methods. Different high level controllers can
query the local reference frame at a given position and generate local action references for various
downstream tasks. These local action references are then tracked by an admittance controller (37)).
The overall workflow is depicted in Fig. [IB.
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Figure 2: Moive 1: Summary of our method and results. The accompanying video demonstrates
our approach across tasks, objects, surface representations, and controllers in the real-world. We
also show how DOFs are constructed from point clouds and task-specific keypoints collected at
runtime to represent object-centric local reference frames throughout the workspace.

2.2 Object-centric Task Representation and Transfer

Object-centric local reference frames represented by DOF encodes task-relevant directions across
the workspace considering the surface geometry and semantic keypoints. Expressing tasks in these
local frames decouples task representation from the object geometry and yields structured action
sequences (Fig. 3]A). We refer to these shape-invariant task representations that remain unchanged
across variation in object geometry as local action primitives. Local action primitives are closed-
loop policies in which action transitions are governed by distance to the keypoints and to the surface.
We provide local action primitives in Fig. 3B for three representative object-centric tasks: slicing,
peeling and tactile coverage (see Supplementary Materials for details).

We transfer tasks represented as local actions to a novel object by computing DOF conditioned
on the object’s point cloud and by tracking local actions using an admittance controller in local
frames. We visualize the tool trajectories for a given object and task in Fig. B|C and demonstrate
real-world transfer across objects in Fig. 3D.

To evaluate task transfer quantitatively and compare our approach to alternative object-centric
representations, we transferred the peeling task to 50 randomly deformed versions of the Pear
object (Fig. 4JA) from the YCB dataset (38). We generated deformed object instances by applying
random anisotropic scaling, quadratic bending, and twist deformations. For each instance, we first
sampled independent scale factors s, s,,s; ~ U(0.6,1.4) and scaled the coordinates along the
corresponding axes. To introduce nonuniform deformations, we then applied quadratic bending
along each Cartesian axis. For bending about axis j € {x, y, z}, we sampled a curvature parameter
c; ~ U(-3,3) and displaced the coordinates along the two orthogonal axes i # j according to

pi — pi+c;p;. ey

In addition, we applied twist deformations around each axis. For twisting about axis j, we sampled
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Figure 3: Shape-invariant task representation and transfer using DOF. (A) (i) An object-
centric trajectory (gray) composed of an approaching phase and a surface-following phase. Small
reference frames are the object-centric local reference frames represented by DOF, while the large
dashed frame denotes a single body-fixed frame. (ii) Gray trajectory is expressed in object-centric
local frames (solid lines) and the single body frame (dashed lines). (B) Local action primitives
providing shape-invariant task descriptions in object-centric local reference frames. (C) Simulated
visualizations showing the keypoints (blue), tool paths (black), and the x-axis of local frames (red).
(D) Real-world experiments showing transfer of slicing, peeling, and tactile coverage tasks to novel
objects.



a twist strength /; ~ U (-3, 3) and rotated each point around axis j by an angle
0 j=a jd j» (2)

where d; is the coordinate of the point along the twist axis.

For comparisons, we selected four object-centric representations as baselines: (i) a body-fixed
Cartesian frame, (ii) a body-fixed cylindrical frame, (iii) a body-fixed spherical frame, and (iv)
multiple body-fixed frames distributed at equal spacing over the object surface (Fig. B). A single
body-fixed frame is the most common object-centric choice because it provides pose-invariance, but
it ignores the geometry of the shape. The cylindrical and spherical variants retain pose invariance
and additionally encode axial and radial symmetry, respectively (4)). To ensure a fair comparison
and take advantage of object symmetry, we aligned each approach with the primary symmetry
axis of the object, defined by the line connecting the two keypoints used in our method. We then
expressed the actions as linear velocities along the three orthogonal directions induced by each
approach.

The multiple body-fixed frames baseline serves two purposes. First, it is a discrete approximation
of our approach, since DOF yields a continuous field of local frames over the surface. Second, it
represents a common family of methods in the literature, including task-parameterized models (3),
oriented keypoints (9), and neural descriptor fields (/2). Importantly, our instantiation is an oracle
version of these approaches, because it uses exact keypoint correspondences and the task aligned
local frames provided by our method. This choice favors the baseline and thus makes the comparison
conservative.

As the comparison metric, we use statistics of the transferred action trajectories. An ideal
object-centric task representation for transfer should be shape invariant and therefore produce
lower variation across shapes. We report the mean and the standard deviation of 50 trajectories
that each contain three peeling cycles (Fig. 4C). Our representation yields the smallest variation
because it decouples object geometry from the task coordinates, that is, it is shape-invariant. It also
preserves the three cycle periodic pattern in all coordinates, which shows that the global symmetry
of the object is captured while remaining separate from the task representation. In contrast, the other
baselines capture only the particular symmetry they encode and only along one or two directions.
To make this effect explicit, we further decompose each trajectory into individual peeling cycles,
align them in time, and plot the mean and the standard deviation of the actions for each baseline in
Fig.dD.

To show that our method is the continuous version of approaches based on multiple body-
fixed reference frames, oriented keypoints, and neural descriptor fields, we measured the average
variance of transferred trajectories as a function of the number of frames sampled using Farthest
Point Sampling on the point cloud (Fig. i1). At each robot position, we express velocities in
sampled frames using two variants: (i) nearest sampled frame assignment, and (ii) distance-weighted
blending with softmax weights

__exp(=di/T)
Y,exp (=d;/T)’
where dj is the distance from the robot position to frame k and 7 is a temperature parameter. As
expected, the variation decreases as the number of frames increases, converging to our continuous
local frame method.




From an imitation learning perspective, the transferred trajectories can be treated as demonstra-
tions of the peeling task across different object instances. Our representation yields lower variation,
directional decoupling, and periodic structure, which should enable better learning performance
for statistical learning methods.

2.3 Integration with Different Control Paradigms

DOF serves as an intermediate geometric representation that is agnostic to how high-level com-
mands are generated, enabling seamless integration with diverse control paradigms (Fig. [S]A). In
addition to the local action primitives presented in the previous section, we integrated DOF in three
settings to show it reduces controller complexity by decoupling the action space from object ge-
ometry: a teleoperation controller, a planner based on trajectory optimization, and a policy learned
with reinforcement learning.

In teleoperation experiments, we used DOF to assist the operator by automatically aligning
the tool based on the object’s surface and task-specific keypoints. We employed the 3DConnexion
Space Mouse, a 6-degree-of-freedom input device, and mapped its control axes to the object-centric
local reference frames represented by DOF. Motion along the input device’s x-axis translated to
movements that approached or retreated from keypoints while maintaining a constant distance from
the surface. Motion along the z-axis controlled approach or retreat relative to the object, and motion
along the y-axis preserved the distance to both the keypoints and the surface. Throughout the task,
the desired tool orientation—relative to the surface and task direction—was maintained. This setup
enabled intuitive, surface-aware teleoperation, as illustrated in Fig. E]B

In order to show how DOF can be more broadly applied in complex especially long-horizon
robotic manipulation tasks, we integrated it in trajectory optimization for planning. We used DOF
to define cost functions and their gradients based on the distance to the object’s surface and geodesic
distances to surface regions encoded using keypoints. These components enabled gradient-based
optimization to compute robot trajectories that both maintain a desired distance from the surface
and reach target regions while avoiding obstacles (Fig.[5C, i-ii). For simplicity, we adopted a batch
formulation of the iterative linear quadratic regulator (iILQR), modeling the robot as a velocity-
controlled point mass. To further improve convergence, we warm-started the optimization using
geodesic shooting (i.e., initializing the trajectory by following the x-axes of local reference frames
represented by DOF) (Fig. [5[C, iii-iv). We evaluated this setup across ten different initial conditions
and plotted the number of iterations required for convergence (Fig. [SIC, v). Results show that
with DOF-based warm-starting, convergence is typically achieved in a single iteration, whereas
without warm-starting, at least five to six iterations are required. Qualitative observations of the
initial and final trajectories further support this finding. In essence, DOF provides a near-optimal
solution for distance tracking, reaching, and surface-based obstacle avoidance purely from geometric
information.

We ran proof of concept experiments to integrate DOF with reinforcement learning. First, we
trained a two dimensional reaching policy and compared using local reference frames versus a
global frame, measuring reward evolution over training (Fig. 9D, i). Even in this simple setting,
providing a geometric scaffold through local frames improves learning performance. Next, we
considered a two dimensional reaching and distance tracking task on a circle (Fig. [5D, ii). Using
the same environment and reward, we trained two policies: a local policy that issues actions in DOF
frames and a body-fixed policy that acts in a single frame attached to the object. We then deployed
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Figure 4: Task transfer across objects. (A) Transferred peeling trajectories (red) across 50 pear
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discrete body-fixed reference frames versus a field of local reference frames provided by DOF. (i)
Visualization of 50 body-fixed reference frames sampled on a pear instance. (ii) Average standard
deviation of the transferred action (velocity) trajectories with respect to number of sampled body-
fixed reference frames. (C and D) Comparisons of DOF with respect to baselines in terms of
the full and period-aligned transferred trajectory statistics, respectively. Action trajectory statistics
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Figure 5: Transfer across controllers using DOF. (A) DOF as a controller agnostic intermediate
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Teleoperation using a space mouse and the LEAP hand (39), where the input axes are mapped to
local frames. Moving along x-axis (red arrow) slides the tool along the surface, while z-axis (blue
arrow) approaches the surface. (C) Trajectory optimization experiments for (i) distance tracking,
(11) target reaching and obstacle avoidance, (iii) reaching without warm-starting and (iv) reaching
with warm-starting using the DOF. (v) Norm of the change in the control commands, which is used
as the convergence criteria for the trajectory optimization, showing the effect of warm-starting.
(D) Learning and transferring policies using reinforcement learning in local reference frames. (i)
Reward evolution while learning a reaching policy using local and global reference frames. (ii)
Learned target reaching and distance tracking policy in local reference frames of a 2-D circle.
Zero-shot transfer of the learned policy on the circle to (iii) a 2-D rectangle and (iv) a 3-D point
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both policies on novel shapes. The local policy learned in DOF frames transfers directly to new
two dimensional shapes such as a square and to three dimensional objects such as the Spot point
cloud (Fig.[3D, iii-iv). In contrast, the policy trained in a body-fixed frame does not transfer to other
shapes. Additional details on local policy learning are provided in the Supplementary Materials.

2.4 Robustness to Sensing Imperfections

In robotic applications, sensor data is often noisy or incomplete, and control or tool positioning
may be imprecise. Our representation provides robustness in such scenarios through its inherent
smoothness, governed by the diffusion time parameter 7. This parameter controls the extent of
smoothing in the orientation field: lower values emphasize local geometric details, while higher
values produce smoother fields that reflect the global symmetry structure of the shape. It is important
to note that diffusion time is only a parameter that controls the smoothness of the field, and is not
related to the time required to compute the field. We illustrate the influence of diffusion time on
field smoothness in Fig. [6]A, and compare the DOF to a baseline method using projection to the
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surface orientation field in Fig. [6B.

While real-world experiments already demonstrate the effectiveness of our method under re-
alistic sensor noise, we further evaluated its robustness under controlled synthetic perturbations.
Specifically, we investigated how increasing the diffusion time affects robustness in the presence
of various noise types. All experiments were conducted on the Banana point cloud from the YCB
dataset (38)).

We performed three experiments, each repeated 50 times with randomly sampled noise:

» Topological noise: To simulate occlusions and limited viewpoints, we removed half of the
point cloud and introduced ten randomly placed holes with a 5 mm radius, disrupting surface
connectivity.

* Geometric noise: Gaussian noise with standard deviation o = 3 mm was added to the 3D
point positions.

» Keypoint noise: Gaussian noise with standard deviation oo = 20 mm was applied to both
keypoints, which were then projected back onto the nearest point cloud vertices.

To quantify robustness, we computed the root mean square error (RMSE) between each resulting
trajectory and a reference trajectory. The reference was generated using noise-free inputs, diffusion
time 7 = 1000, and tracking the local x-direction of the DOF field.

As expected from the diffusion equation which suppresses high frequency noise, and as con-
firmed empirically in our real-world experiments, increasing diffusion time consistently produces
smoother and more robust orientation fields across all tested perturbations (Fig. [(lC—E). However,
when depth returns are severely degraded or absent (for example, when using stereo camera on
transparent objects), smoothing alone cannot recover missing geometry. In these scenarios, our
method requires to use a partial reconstruction/completion method or additional sensors provid-
ing better depth data. Additional experiments in clutter and with occlusions are provided in the
Supplementary Materials.

2.5 Multi-Object Scenes and Compositionality

DOF is agnostic to the surface representation and the number of objects in the scene. This enables
its application in cluttered environments containing multiple surfaces with diverse representations
(Fig.[TA-B). Interestingly, cluttered workspaces can improve the computational efficiency of DOF
due to the specific method used for its computation; such environments tend to result in mostly
enclosed regions rather than unbounded ones. For instance, in the setup shown in Fig. [7B, intro-
ducing an enclosing sphere reduces the computational cost by ~ 1.5X. We discuss this further in
the Materials and Methods section.

DOF supports any surface representation, provided that closest-point queries can be computed.
In our experiments, we focused on primitive shapes defined by analytical distance functions. In
simple cases, primitives can approximate basic surfaces (e.g., walls, planes, or workspace bound-
aries) or compose more complex environments through combinations of primitives (e.g., spheres
and capsules for obstacle avoidance). More interestingly, primitives can encode task constraints
directly into the DOF representation. For example, enclosing an object point cloud with a sphere
can regularize the orientation field far from the object (Fig.[7C).
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Figure 6: Effect of increasing the diffusion time on robustness to noise. We visualize the local
reference frames using their x-axes shown in red. (A) Effect of the diffusion time on the smoothness
of the DOF. (B) Comparison of projection to surface orientation field versus the smooth orientation
field produced by the DOF. (C, D and E) (i) Error bar plots showing that robustness to topological,
geometric and keypoint noise increases with the increased diffusion time. (i1 and ii1) Two instances
with noisy inputs from the experiments visualizing the effect of the short and long diffusion times.
Red arrows are the x-axes of the local reference frames, the black curve is the trajectory compared
to the reference trajectory and the blue points are the keypoints.
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Figure 7: DOF constructed from point clouds and primitive shapes. (A) Slicing on a banana in
a cluttered scene with multiple objects. (B) Object point cloud surrounded with an enclosing sphere
and a plane designating a wall in the workspace. Trajectories starting from different surface points
and following local z-directions to visualize smooth variation of local reference frames across the
workspace. (C) Cross section of the diffused orientation field around the object, regularized with
an enclosing sphere. (D) A scoop-lift-carry-pour task using two bowls from the YCB dataset (38),
together with lines and a plane to impose task-specific constraints.

We modeled a proof-of-concept long-horizon scooping task with multiple objects using DOF
(Fig. [71D). Task constraints such as keeping the tool horizontal to prevent spillage and specifying
the lifting direction were encoded directly as simple geometric primitives: a plane to enforce level
orientation and a line to define upward/downward motion. This construction introduces no extra
parameters for combining DOF and requires no behavior tuning. Because DOF solves for the
smoothest orientation field consistent with these constraints across the workspace, the controller is
naturally robust to different initial conditions and moderate perturbations.

2.6 Comparisons

We qualitatively compared our method against five commonly used representations in robotics:

* Primitives represent objects using simple geometric shapes (e.g., spheres, cylinders, boxes)
with analytical distance functions. They are computationally efficient and well-suited for
collision avoidance, but lack the geometric detail required for tasks involving contact or fine
surface interaction.

14



+ Surface Parameterizations map points on a surface to coordinates in R?. They are limited
to the surface and inherently introduce distortion due to curvature.

* Signed Distance Fields (SDFs) (31)) implicitly represent surfaces by encoding the distance
to the nearest surface point. Although they support level set representations and are useful in
3D space, they lack geodesic information.

* Neural Descriptor Fields (NDFs) (72) use neural networks to learn smooth implicit surface
representations from data. While expressive and capable of handling various tasks, existing
approaches are typically limited to scalar fields and require offline training.

We compare these representations across key properties relevant to object-centric tasks in Table
DOF’s primary advantage over alternative representations is its ability to encode both geodesic and
Euclidean information, enabling geometry-aware interactions on and across level sets.

Primitives SDFs NDFs Surface Param. DOFs

Geodesic-aware v x X v v
Extends to workspace v v x v
No training required v v x v v
Online updates v v x x v
Exact distances v v x v x
Contact-rich tasks x v V v v

Table 1: Comparison of object representations across key properties relevant to manipulation
and planning.

2.7 Discussion

The proposed Diffused Orientation Fields (DOF) approach smoothly represents object-centric
local reference frames across the workspace, conditioned on object point clouds and keypoints
collected online. Since DOF encodes surface’s geometric structure, it enables shape-invariant task
representations and their transfer across curved objects. We demonstrated the transfer capabilities
of DOF in real-world experiments with three distinct tasks across six different objects (Fig.[3). We
assessed the robustness of DOF under noise in keypoint extraction, point cloud data (Fig. [6). These
experiments highlight the inherent robustness of our method, owing to the smoothing effect of the
diffusion PDE, making it well-suited for robotics scenarios characterized by noisy and incomplete
sensory data. Our results show that DOF scales out-of-the-box to complex scenes including multiple
objects and diverse surface representations (Fig. [7)) and its computational efficiency (Table [S2))
enables online updates to the field in changing scenes.

We compared DOF qualitatively and quantitatively to commonly used object-centric representa-
tions in robotics (Fig. @ and Table[I]). DOF seamlessly combines the gradient of the signed distance
field (SDF) to the surface with the gradients of geodesic distances to keypoints, yielding a single
smooth field. This integration allows us to reason about directions pointing to keypoints on the level
sets and directions pointing towards the surface. In contrast to DOF, learning-based approaches
such as neural descriptor fields rely on data-driven learning to implicitly capture structures, offering
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greater expressiveness but at the cost of requiring training data. DOF takes a different stance: it
treats keypoints as encoding the inductive biases relevant to the task and propagates this structure
across the workspace using a diffusion process. This reframes task transfer across objects as the
simpler problem of transferring keypoints. This trade-off is often advantageous since keypoints
can be extracted using simple perception pipelines (e.g., boundary detection), transferred through
foundational models as shown in prior work, or manually annotated when needed, given that they
form a sparse and interpretable set.

Given that DOF is designed for manipulation tasks that can include dynamic objects, we
evaluated its suitability for online computation (Table [S2)). We observed that the most expensive
operation is the construction of the Laplacian operator from the object’s point cloud, computed
during preprocessing. At runtime, this operator can be reused even under isometric deformations
encapsulating rigid body transformations and bending without stretching. Although we do not
evaluate this explicitly in the current paper, this property makes DOF applicable to deformable
objects such as garments or cables. However, we note that interactions with soft objects alter the
underlying geodesic structure, and therefore the precomputed Laplacian may need to be updated to
reflect significant deformations.

A core limitation of using the Walk on Spheres (WoS) method is its restriction to solving
Laplace’s equation, which yields the smoothest possible vector field given the boundary conditions.
While this is beneficial for robustness, it also limits expressiveness in scenarios where more localized
or structured behavior is desired. One promising direction to address this limitation, while still
leveraging the computational advantages of WoS, is to solve the screened Poisson equation instead
of Laplace’s equation (33). The screening term introduces a tunable decay, enabling better control
over the spatial extent and locality of the resulting field.

Another practical limitation of our approach is the need to predefine the tool center point
(TCP) before the execution. This requires precise calibration of the tool. In real-world scenarios,
especially in contact-rich tasks, the actual contact point may shift dynamically along the tool during
interaction. We showed in experiments that, due to smoothness, DOF provides robustness against
positioning errors of the robot. Nevertheless, a more robust alternative would involve estimating
the effective TCP online by combining vision and force/torque feedback. DOF queries could then
be performed at these dynamically inferred contact points, improving reliability during complex
manipulation.

Complex object-centric tasks can be composed from local actions expressed in local frames
through planning or learning. For planning, trajectory optimization can exploit gradients provided
by DOF for costs and constraints that follow the surface and keypoints (Fig. 5C). This can enable
planning sequences that alternate between approach, contact, sliding, and retreat while remaining
consistent with the object geometry. For policy learning, expressing observations, actions, rewards,
and demonstrations in local frames provides pose and shape-invariance (Figs. 4 and 5D). This in
turn can allow demonstrations from different objects to be combined into a unified policy, since their
local descriptions become comparable under the DOF structure, and supports transferring a policy
learned on one object to another. Moreover, our entire pipeline is differentiable with respect to both
the task keypoints and the diffusion time parameter (29, 40). Therefore a promising future extension
is to integrate DOF into learning and optimization based frameworks where these parameters are
optimized jointly with task performance.
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3 Materials and Methods

We first present the necessary background, then we formulate our problem and finally we present
our method for computing the diffused orientation fields.

3.1 Background
3.1.1 Smooth Fields Via Diffusion Processes

Consider a scalar field u : Q — R. We can measure the smoothness of the field using the Dirichlet
energy functional E[u] penalizing large gradients

E[u] :/||Vu||2dx:/(Vu-Vu)dx. (3)
Q Q

Accordingly, finding the smoothest field over the domain subjected to the fixed values, i.e. Dirichlet
boundary conditions, is given by the variational optimization problem:

inE 4
ilél}{l [u], 4)

constrained to the admissable set
A={uecH(Q): ulyg =g}, (3)

where H'(Q) is the space of functions with square-integrable derivatives required for defining
Dirichlet energy and u|;o = g are the boundary conditions where dQ2 denotes the boundary. The
solution to the variational problem in (@) is given by the partial diferential equation called Laplace’s
equation

Au = 01in Q, (6)

subjected to the boundary conditions:

u=g on 0Q),

Vu-n=0 onodQ. 7

where the differential operator A is called the Laplacian. The solution to Laplace’s equation provides
the smoothest possible interpolation of Dirichlet boundary conditions across the interior of the
domain Q. Alternatively, one can control the smoothing using the gradient flow of Dirichlet energy
which models a time-dependent field u(x, ), starting from the initial condition u(x,0) and gets
smoother over time:

u=Au in Q. )

This equation is the diffusion PDE.

3.1.2 Discretized Laplacian on Curved Surfaces

Surfaces are two-dimensional manifolds embedded in 3-D Euclidean space i.e., topological spaces
that locally look like Euclidean space but not necessarily globally. Unlike the flat geometry of
Euclidean space, curved manifolds do not admit a global coordinate frame to measure distances,
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compute angles between tangent vectors, or define differential operators such as the Laplacian.
Laplace-Beltrami operator A generalizes the Laplacian from Euclidean space to curved spaces
but for conciseness, we will refer to Laplace-Beltrami operator as the Laplacian. In practice the
Laplacian is only available in closed form for a limited set of highly structured manifolds such
as cylinders or spheres. Accordingly, for an arbitrary surface, it is necessary to approximate the
Laplacian using a discrete representation of the surface.

For a discrete surface representation such as a mesh, a point cloud, or a grid with Np vertices,
the discretized Laplacian L € RV**N? can be approximated using the sparse matrices

L=McC, 9)

where M is the diagonal mass matrix and C is a sparse symmetric matrix called the weak Laplacian.
The entries of M correspond to the area around each vertex and the entries of C are determined
by the connectivity of the points on the local tangent space and the distance between the connected
points. In particular, we use the approach proposed by Sharp et al. (30) for computing the Laplacian
of the point clouds.

3.1.3 Walk on Spheres

Walk on Spheres (WoS) is a grid-free Monte Carlo method for solving Laplace’s equation () in
Euclidean spaces. A function which satisfies Laplace’s equation is called an harmonic function and
it satisfies the mean-value property i.e., u(x) = E[u(X)] where X is a random point on a sphere
centered at x with radius r. Accordingly, we can simulate a random process where a particle starts
x and jumps to a new position randomly chosen on a sphere centered at x. This process repeats
until the particle reaches the boundary, i.e., surface of the object and the function value is given
by the value at the boundary point the particle landed. We refer the readers to (33) for a thorough
analysis on WoS.

3.2 Problem Formulation

As we showed in Fig. 3] object-centric tasks can be expressed as simple action sequences in object-
centric local reference frames. While these action sequences are simple to express in a fixed frame
for flat surfaces, curved objects lack a global reference frame, and the task-relevant directions
vary across the surface. To address this, we compute local reference frames that smoothly vary by
considering the object’s geometry to represent object-centric tasks.

At each point x € Q in the robot’s workspace, we represent a local reference frame by its
orientation relative to the world frame. Collectively, these orientations form an orientation field
u(x) : Q — SO(3), assigning a local reference frame to every point in the workspace. We quantify
the smoothness of this field by the Dirichlet energy, as defined in Equation (d). Then, we pose
the problem of computing a smooth orientation field #(x) as a variational optimization problem,
whose solution corresponds to Laplace’s equation (6)), or to the diffusion equation (8)) for controlled
smoothness. These PDEs enforce spatial smoothness but require initial and boundary conditions
for well-posedness and uniqueness. We use a sparse set of keypoints as the initial or boundary
conditions to encode task-relevant directional cues that serve as anchors for the orientation field.

In the following subsections, we describe how we combine the diffusion and Laplace’s equations
with object point clouds and keypoints to generate orientation fields. First, we present computing
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orientation fields on object surfaces using surface diffusion conditioned on the keypoints. Then, we
show propagating these orientations from the object surface to the robot’s workspace by solving
Laplace’s equation (6] in the surrounding Euclidean space. Lastly, we describe the computation of
the orientation fields in the scenes using multiple surfaces with different representations such as a
point cloud, a mesh, or a geometric primitive.

3.3 Diffused Orientation Fields on Surfaces

We measure the object surfaces at runtime as point clouds £ composed of Ny points

x,~€R3
P'_{(xi) fori=1,...,Np } 10)

where x; is the position of the i-th surface point in Euclidean space. In order to solve the diffusion
or Laplace’s equation on the point cloud we compute the weak Laplacian C and the corresponding
mass matrix M.

3.3.1 Orientation Fields from Keypoints

The second input of our method is a set of keypoints on the surface p = {x; f;l C %, which can

be either specified by the user, extracted by the perception system or transferred using a vision
encoder (see Supplementary Material). We use the keypoints for aligning the orientation field with
task-relevant directions. We classify each keypoint either as a sink acting as an attractor or a source
acting as a repulsor. Our strategy for closed surfaces is to use one source and one sink placed
as two poles (see Fig. 3C, i-ii). This produces a consistent direction field defining longitudes and
latitudes for the object and it is easy to extract and transfer using perception modules. If the object
has a boundary, we consider all the boundary points as sources (see Fig. [3[C, iii). In more complex
scenarios where we have arbitrary target and/or obstacle regions on the surface, it is possible to
set sources and sinks accordingly (see Fig. 5B, ii). Next, we use the keypoints to set the initial
condition u, where the values are assigned using an indicator function, setting entries to +1 for
source keypoints, —1 for sink keypoints, and 0 elsewhere:

+1 i X = Psource € P,
ug=1-1 ifx:psinkefo, (11)
0 otherwise.

Here we solve the diffusion equation (8] to propagate the information from the keypoints across
the surface. In the discrete setting, one can solve the diffusion equation by integrating using the
implicit time-stepping scheme

u. = (M -1C)""'Muy, (12)

where 7 is the diffusion time, u is the initial condition and u; is the diffused field arrays indexed by
the points in #. Diffusion time 7 is a hyperparameter that controls the smoothness of the field and
is unrelated to wall clock time or to the physical time ¢ used for robot control. In other words, large
values for the diffusion time parameter emphasize global structure and symmetries of the objeclﬂ

By denoting {#k}y., the Laplace eigenfunctions on the domain with eigenvalues {14 }}"_,, the diffusion solution

can be described with u(7,x) = X7, e %7 ¢ dr(x), where ¢y are the coefficients for the initial field u(x, 0) in the
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To remove dependence on spatial scale, by following common practice (27), we normalize the
parameter by the squared mean neighbor spacing 4 of the point cloud,

T % (13)

Solving the linear system in is very eflicient since it reduces to sparse matrix multiplication
if one pre-computes the C, M and matrix factorization after obtaining the point cloud (see Table[S2).
Next, we compute the gradient of the diffused field V,u; to obtain a smooth direction field on the
surface. We visualize these direction fields using red arrows in Figure [IB. The direction vector at
a given point x; lies on the tangent plane of the surface at that point 7y,%. The tangent plane is
spanned by two perpendicular vectors u and v. We use the gradient of the diffused field as the first
tangent vector u = V,u . Then one can find the perpendicular tangent vector using the local surface
normal n and the cross product v = n X u. These three unit vectors are by construction orthogonal
to each other and they define both a local reference frame and a proper rotation matrix with positive
determinant if they are sequenced in the correct order u, v and n.

We prefer to use the diffusion equation (8]) primarily because it allows us to control the smooth-
ness of the orientation field by adjusting the diffusion time 7. This is a critical aspect since using
short-time diffusion results in gradient of the diffused field u being parallel to the gradient of the
geodesic distance (see (27)). In contrast, using long-time diffusion extracts the global symmetry of
the objects (see Fig.[0A, ii and (47))). Both of these properties can be useful for different tasks and
can be adjusted by a single parameter: the diffusion time 7. Secondly, using the diffusion equation
let us set the keypoints as initial conditions allowing us to use pre-factorized matrices when solv-
ing (I2). On the contrary, in Laplace’s equation, we need to use boundary conditions altering the
discrete Laplacian hence disabling the pre-factorization.

3.4 Workspace Diffusion

At this stage, we assume that the orientation field has already been computed on the surfaces
using either scalar or orientation diffusion depending on the task. Now we extend these fields from
surfaces to arbitrary points in the workspace. While one could apply the same orientation diffusion
procedure by discretizing the workspace and computing its discrete Laplacian, we instead adopt a
Monte Carlo method called Walk on Spheres (WoS). WoS avoids the need for discretization, making
it better suited for complex, dynamic scenes and generalizable to any surface representation that
supports closest point queries.

The WoS algorithm depends on efficient closest point queries. To enable this, we construct a
k-d tree from the point cloud with time complexity O (nlogn) during preprocessing. Each query
during runtime then has average complexity O(logn) and can be efficiently parallelized on the
GPU. Unlike the Laplacian-based methods, WoS does not compute the whole diffused field but
computes the values of the diffused field in parallel at the query points. In each WoS query, Monte
Carlo samples start from the query point in the workspace x, € € and converge to boundary points
on surfaces x; € . To compute the value of the diffused orientation field at the query point, we
need to average the orientations associated with the boundary points.

Laplacian basis. As 7 increases, high frequency modes (larger 1) are suppressed more quickly by the factor e =7, so
that the result is dominated by low-order modes. On shapes with bilateral or near rotational symmetry, these low-order
modes respect the symmetry group, therefore the field aligns with global symmetry as T grows.
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For averaging, we represent the retrieved orientations at points x; as a set of unit quaternions
Q = {q1,92,...,q,} and employ the method of Markley et al. (42)), which solves the following
optimization problem:
q =argmaxq' Mq, (14)
qes?

where the matrix M is constructed using the outer product of the unit quaternions:

M= quT. (15)

qeQ

Note that (I4)) is equivalent to maximizing the Rayleigh quotient and its solution is given by the
eigenvector of M with the largest eigenvalue

Mq = Anaxq. (16)

We provide a conceptually simple approximation for computing DOF using vector diffusion and
orthonormalization in the Supplementary Materials.

3.4.1 Scenes with Multiple Surface Representations

In addition to unknown objects collected at runtime as point clouds, complex scenes may include
other surfaces represented as meshes or approximated using geometric primitives such as lines,
planes, or spheres. By combining the closest point queries for each surface in the scene we can
compute the resulting DOF in the workspace considering all the surfaces together.

For mesh-based surfaces, we apply the same procedure as for point clouds: we first compute
the diffused orientation field on the surface using the discrete Laplacian defined on the mesh, and
then construct a boundary volume hierarchy (BVH) for efficient closest point queries. For primitive
shapes, we instead use analytical solutions: we compute the surface diffusion using the closed-form
Laplacian of the primitive and perform closest point queries using the primitives’ analytical distance
functions. We provide examples of complex scenes with multiple objects and representations in

Figure
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5 Materials and Methods

5.1 Keypoint Extraction

Keypoints are inputs to our representation and can be obtained by automatic extraction, transfer
with a learning based approach, or manual annotation. As shown in Fig. 6E, our method is robust
to noise in keypoint extraction. In real-world experiments we used automatic keypoint extraction.
As a proof-of-concept we also performed keypoint transfer using pretrained vision encoders (36)).

5.1.1 Automatic Keypoint Extraction

For automatic keypoint extraction we assume the observed point cloud has an open boundary, which
is the typical case for single camera acquisition.

For slicing and peeling experiments, the keypoints are the antipodal poles of the object, namely
the stem end and the tip. We detect the two ends of elongated fruits and vegetables such as banana,
pear, or cucumber with an iterative furthest point strategy on the point cloud driven by the scalar
diffusion equation (). If the point cloud is not elongated, the method may be unreliable and we
recommend manual annotation.

First, we compute the geometric center of the surface and use it as a source similar to ((11J).
Next, we solve (12) to diffuse a scalar field over the surface. The vertex with the minimum diffused
value is selected as the first end point since it lies far along the intrinsic geodesic from the center.
Then, we use the first detected end point as the new source and repeat the process and select the
minimum value vertex as the second end point.

On a set of fifty randomly deformed banana point clouds with combined scaling, twisting, and
bending, the two stage diffusion consistently identified anatomically correct ends at the stem and
the tip (Fig.[STA, i). The method requires no training data and transfers to other elongated objects
since it relies only on intrinsic geometry.

In coverage experiments, we set the object boundary as the keypoints. Accordingly, one can
use any boundary estimation procedure. We use a procedure inspired by the Point Cloud Library’s
boundaryEstimation function. We tested this approach with point clouds that we collected from

various objects (Fig.[STIA, ii).

5.1.2 Keypoint Transfer

We used a pretrained vision encoder DINOv?2 (36) to transfer keypoints annotated on one object to
a target object encountered at runtime. This method requires no training, fine-tuning, or dataset-
specific optimization. It relies entirely on the general-purpose visual understanding encoded in
pretrained foundation models.

The core principle is that semantically similar image regions should produce similar feature
representations, even under substantial appearance variations. For each query keypoint in the source
image, we extract a local feature descriptor by processing a surrounding image patch through the
DINOV2 encoder. We then search the target image for the location that maximizes feature similarity,
measured via cosine similarity in the learned feature space. We provided the results of our proof-
of-concept experiment in Fig. [STB.
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Figure S1: Keypoint extraction. (A) Automatic keypoint extraction for slicing, peeling and cov-
erage experiments. Point cloud is in black and keypoints are in blue. (i) 50 twisted, bent and
anisotropically scaled instances of banana point cloud used for testing our automatic keypoint ex-
traction routine. For slicing and peeling tasks, keypoints need to be at two ends of the object. (ii)
Various real-world point clouds tested with our boundary keypoint extraction routine. For cover-
age tasks, the keypoints need to span the object boundary. (B) Keypoint transfer using pretrained
vision transformer (36)). (i) User annotated keypoints on the input image. (ii) Zero-shot transfer of
annotated keypoints to the image collected at runtime. (iii) Transfer confidence for each keypoint.
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5.2 Local Action Primitives

Local action primitives are simple closed-loop policies expressed in object-centric local reference
frames represented by DOF. At each trajectory point x;, the controller queries the WoS to obtain
a local orthonormal coordinate frame F, = [u, v,n] € SO(3) from DOF, where u is the direction
towards the keypoints parallel to the surface (gradient of the smoothened geodesic distance to
the keypoints along the surface levelsets), v is the direction orthogonal to u and v (preserves the
smoothened geodesic distance to the keypoints on the surface levelsets and smoothened Euclidean
distance to the surface), and n is the direction towards the surface (gradient of the smoothened
distance field to the surface).
The controller computes the next position by stepping according to the action a, expressed in
the local reference frame
X41 =X + 6Fa,, (S1)

where ¢ is the step size. Each primitive selects the action based on its motion phase (slide along,
go down, lift up, and so on), as shown in Fig. 3B. The transition between phases is determined by
the distance to the keypoints and by the distance to the surface.

5.3 Local Policy Learning

Local action primitives can also be learned as local policies with reinforcement learning. In our
experiments, we represented the policy using a multi-layer perceptron that was trained using
proximal policy optimization (PPO) (43) from stable,baselinesj’ During training we used the
following dense reward function

ri(Se, ar) =fi(se, ar) + false, ar) + f3(s1, ar) + fa(se, ar) + f5(s¢, ar)
fi(ss,a;) = —0.1 time penalty (accumulating)
fo(ss,a;) = —0.01]|al|*> action penalty

10(d.(s;~1) — d.(s;)) off circle

0.5+ 10(d;(s;-1) — d:(s;)) oncircle

fa(ss,a;) = =5d.(s;) penetration penalty

; (S2)
f(ss,a;) = {

where s; and a; are the states and actions at time ¢, d.(+) is the distance to the circle and d,(-) is the
distance to the target. When the target is reached, we additionally give a single sparse reward

rr(s;) = 10 target reached reward (one time). (S3)

To speed up training, we pretrain with 10 demonstrations, then train the policy for 5 x 10° timesteps
with the entropy coefficient annealed linearly from 0.04 to 0.002, which encourages initial explo-
ration and convergence to a near deterministic policy. For the local policy, we compute DOF using
a keypoint at the target position.

5.4 Diffused Orientation Fields from Directed and Oriented Keypoints

Complementary to the scalar diffusion method described in the main text for computing diffused
orientation field, we provide two alternatives that utilize directed and oriented keypoints.

Zhttps://github.com/DLR-RM/stable-baselines3
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5.4.1 Orientation Fields via Diffused Directed Keypoints

Solving scalar diffusion and computing its gradient yields directions that always points towards or
away from the keypoints. However, in some applications, we might directly have access to direction
information at keypoints that do not necessarily correspond to sources or sinks. For example, in
a wiping task, we might want to specify the desired wiping direction at specific locations on the
object surface and smoothly interpolate these directions.

Let Q c R" and a vector field v(x,7) = (v{,v2,...vy). One can compute a diffused vector
field by solving m independent scalar diffusion problems

v, =Av; inQ, Vil 5o = i(%), i={1,2,...,m}. (S4)

where g;(x) is the i/ component of the directed keypoints. Since diffusion would result in magnitude
decay and we are interested in direction vectors, we normalize the diffused vector field to obtain
the direction field.

For vectors on curved surfaces, an additional constraint arises: vectors must reside in the tangent
bundle, v € 7 M, which is the manifold formed by the union of all tangent spaces of the original
manifold M. Consequently, the components of a vector field cannot be diffused independently, as
curved manifolds lack a global coordinate system, and vectors at different points cannot be directly
compared. To address this, one can use the connection Laplacian AX/(, defined as the composition
of the covariant derivative and its adjoint for diffusing a tangent vector field v(x, 7):

V(x,7) = AL v(x, 7). (S5)

Similar to the Euclidean setting, one needs to normalize the diffused vector field to obtain the
direction field on the manifold. We refer the reader to (28) for more details on vector diffusion for
curved surfaces.

5.4.2 Orientation Fields via Diffused Oriented Keypoints

Scalar and vector diffusion yield local reference frames where the z-axis aligns with the surface
normal, and the x—y plane is tangent to the surface. While this is often useful, some applications
might require diffusing desired full 3D orientations, i.e. oriented keypoints, rather than surface-
constrained directions. For example, one can specify the full desired tool orientation at specific
locations on the object and use orientation diffusion to smoothly interpolate these orientations over
the entire workspace.

Notably, in order to diffuse full 3D orientations over a surface, we cannot use the method that
we presented in the main paper for workspace diffusion as the Walk on Spheres method is limited
to Euclidean spaces and cannot be used on curved surfaces. Also we cannot use the scalar or vector
diffusion methods presented in the previous sections since they cannot represent full 3D orientations
and SO(3) is not a vector space. To diffuse full 3D orientations over a surface, we must choose
a suitable representation. If we use rotation matrices to represent orientations, component-wise
diffusion can violate the orthogonality and determinant constraints of SO(3). A better alternative
is to diffuse columns of the rotation matrix which correspond to the axes of the local reference
frames independently, as we discuss in more detail in the next section. However, this is still an
approximation as we ignore the structure of SO(3) during the diffusion then correct it afterwards
using re-orthonormalization.

S5



When having a few oriented keypoints, a more principled approach is to utilize the Lie algebra
spin(3), which forms a vector space over R and can be represented using pure quaternions (quater-
nions with zero scalar part). The associated Lie group Spin(3), represented by unit quaternions, is
a double cover of SO(3), meaning that q and —q correspond to the same rotation. The exponential
and logarithmic maps between spin(3) and Spin(3) are given as:

exp (ug) = q = cos(¢) + sin(¢)u, (S6)
u

: (S7)
|ul

log (q) = u¢ = arccos(w)

These maps allow computations to be performed in a linear vector space, enabling independent
diffusion of each component, as we described in the previous section. However, similar to the
vector diffusion case, one needs to compensate for the magnitude decay due to diffusion. Notably,
we cannot just normalize the diffused pure quaternions since their magnitude is related to the
rotation angle. As proposed in (28)), the magnitude decay due to diffusion can be measured using
an indicator function on the boundaries

o0 ={ 5 TER" ($8)

and by diffusing the magnitude as a scalar field

_ ] Iv@ DIl x € 0Q
u(x,0) = { 0, reQ (S9)
Then, one can compensate for the magnitude decay of the diffused vector field v(x, 7)
Y1) = vix,T)u(x, 1) (S10)

Iv(x, T)ll¢(x,7)°

After the diffusion, we map back the diffused pure quaternions to unit quaternions. Our algorithm
for diffusing orientations proceeds as follows:

1. Represent orientations as unit quaternions (.

2. Ensure that all quaternions are in the same hemisphere by flipping their signs if necessary.

»

Map each quaternion to a pure quaternion u € spin(3) using the logarithmic map (S7).
4. Impose these pure quaternions as Dirichlet boundary conditions in the diffusion equation (8]

5. Solve the diffusion equation independently for each component of the pure quaternions
following the procedure in (S4)).

6. Diffuse the indicator function (S8)) and the magnitude function (S9) and compensate for the
magnitude decay using (ST0).

7. Map the diffused results back to unit quaternions using the exponential map (S6).

Note that, we recommend this method only for diffusing a few oriented keypoints on the surface
and to use the method presented in the main paper for workspace diffusion.
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5.4.3 Approximated Diffused Orientation Field using Vector Diffusion and Orthonormal-
ization

In this section, we describe a simple approximation for computing diffused orientation fields on the
workspace. We diffuse orthonormal direction vectors independently followed by orthonormaliza-
tion. Let an orientation at a point be represented by a rotation matrix

R=[r r, r;| €S0(3), (S11)

whose columns r,ry,r; € R3 encode the local x, v, z axes. In order to diffuse individual column
vectors, we independently solve three scalar diffusion equations as presented in (S4) and normalize
to unit magnitude. We repeat this process for all three column vectors and combine the results into
a field of 3 x 3 matrices M(x).

Because these three problems are solved independently in a vector space, the result M(x)
generally violates the constraints of SO(3):

M(x)'M(x) #1 and detM(x) # 1. (S12)

We illustrate violations of orthogonality in Fig.[S2]A.
To convert the diffused matrix M(x) into a valid orientation we orthonormalize it by projecting
onto SO(3). The projection that makes the smallest Frobenius norm change,
x .

R*(x) = arg Riin IM(x) - R[|F, (S13)
is given by the polar decomposition computed via a thin singular value decomposition (SVD)
M = UXV'. This symmetric orthogonalization treats all columns of M in a balanced way and yields
an orthonormal frame with determinant one. A sequential alternative is the Gram-Schmidt process
applied to the columns of M. However, the latter approach is order dependent and would introduce
bias toward the first column and distort the other columns. We compare orthonormalized vector
diffusion using both SVD and Gram-Schmidt with fixed z-direction to the orientation diffusion
(Fig.[S2B). For a quantitative comparison, we measured the smoothness of the resulting orientation
fields using angular deviation between neighboring local x-directions. For each point on the grid
visualized in Fig. we computed the angle of neighboring local x-directions in the xz-plane
with respect to a common reference direction. We present the statistics of the angular deviation
in Table As expected, we obtain the smoothest field using the orientation diffusion method
presented in the main paper, since other methods do not directly consider diffusing orientations but
they first consider smoothness of the vector diffusion and only later enforce orientation constraint.
Although the SVD orthonormalized vector diffusion approach provides a very good approximation
for the Spot point cloud, the difference might be higher for more complex shapes.

6 Supplementary Results

6.1 Computational Performance

We evaluated the computational performance of our method on point clouds with varying numbers
of vertices, using a laptop equipped with an Apple M1 Pro chip and 32 GB of RAM. The results
are presented in Table
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Figure S2: Diffusing the vectors composing the local frames independently. (A) Diffusing
vectors independently breaks orthogonality of orientations. (B) Comparison of the local reference
frames computed by orthonormalized vector diffusion and orientation diffusion (our method). We
visualize the x-axis of orientation diffusion in green, the x-axis of the orthonormalized vector
diffusion using SVD orthogonalization in red and orthogonalization with Z-axis fixed in blue.

Table S1: Orientation smoothness metrics across methods. We report the average angular
deviation, standard deviation of the angular deviation, and maximum angular deviation between
neighboring local x directions. Note that the exact values can change slightly (< 1%) due to the
randomness of the Walk on Spheres.
Method Average Std.Dev. Max.
Orthonormalized Vector Diffusion (Z-fixed)  9.80° 21.34°  179.90°
Orthonormalized Vector Diffusion (SVD) 7.12° 12.11°  160.19°
Orientation Diffusion (Ours) 6.25° 10.41° 152.58°
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Object Points Laplacian Factorization Surface Diffusion WoS

Bowl 3,000 58 ms 10 ms 0.3 ms 4 ms
Spot 6,000 133 ms 27 ms 0.6 ms 7 ms
Bunny 12,000 244 ms 44 ms 1.1 ms 26 ms

Table S2: Average computation times for the main components of our method. For the Walk on
Spheres (WoS), we used 256 samples per query and considered a sample to have converged when
it was within twice the average neighbor distance from the boundary.

As shown in Table preprocessing time is primarily dominated by the computation of the
discrete Laplacian. Even in complex scenes (for example, those involving four distinct objects with
12k vertices each), the total preprocessing time remains under one second. Crucially, the discrete
Laplacian is invariant under isometric transformations (e.g., rigid body motions or bending without
stretching), which account for most of the transformations encountered in robotic manipulation.
This makes DOF particularly well-suited to such settings, as the Laplacian does not need to be
recomputed when the geometry undergoes these typical changes.

At runtime, DOF’s value representing the local reference frame at the robot’s position is
computed using the Walk on Spheres (WoS) method. WoS is a Monte Carlo technique similar
to ray casting, well-suited for massive parallelization and hardware acceleration. Despite being
implemented in pure Python on the CPU, without adaptive step sizing, importance sampling, or
boundary value caching, still our method enables real-time operation. Importantly, since WoS is
inherently parallelizable, the runtime would remain constant with respect to the number of query
points when executed on a GPU, making DOF evaluation highly scalable.

6.2 Comparison with Alternative Baselines

We compared our method to three alternative baselines for computing local reference frames in
terms of smoothness. We selected these baselines to isolate different components of our method,
allowing us to evaluate the importance of each component. We provide a detailed description of
each baseline and the results of the comparisons below.

6.2.1 Nearest Frame Baseline

Nearest frame baseline keeps the diffused surface orientation field but replaces the workspace
diffusion with the nearest frame projection. Specifically, for each point in the workspace, we find
the nearest point on the surface and use the local frame at that point as the local frame at the query
point. We then compared our method (workspace diffusion) to the nearest frame baseline. We
quantified smoothness using the average angular difference between neighboring local x directions.
We measured ~ 1.5x higher average angular difference for the nearest frame baseline compared to
our method, indicating that workspace diffusion produces a significantly smoother field. Note that
this is an expected result since we can think of workspace diffusion as a smoothed projection to
the boundary. We provided the results of this comparison in Fig. As we show Fig. 1ii, the
nearest frame baseline produces discontinuities in the local frames, resulting in undesired behavior
for the slicing task. Also, in other downstream robotics tasks, the discontinuities in the local frames
would lead to force spikes and jerky motion.
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(i) Orientation deviation

(iii) Slicing

Figure S3: Comparison between nearest frame baseline and workspace diffusion. (A) Nearest
frame projection results in discontinuity in the orientation field since the nearby workspace points
are mapped to distant points on the point cloud. (B) Workspace diffusion (ours) resulting in smooth
orientation field. (i) A slice of the orientation field on Spot’s symmetry plane. (i1) Deviation of the
orientation in the local neighborhood shown using a heat map. (iii) Slicing task using nearest frame
baseline resulting in undesired discontinuity due to the non-smooth orientation field.
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6.2.2 Vector Projection Baseline

Vector projection baseline complements the nearest frame baseline as it provides a comparison for
surface diffusion component of our approach. For computing the x-direction at a query point, we
considered the weighted sum of the vectors connecting the query point to the keypoints. Next, we
projected this vector to the tangent plane at the query point. One can compute the tangent plane
at any point in the workspace, which is given by the gradient of the signed distance field to the
surface.

We compared this baseline to our approach by using a number of spurious sources/sinks (i.e.
undesired singularities) and visualized the results in Fig.[S4, We marked the spurious sources/sinks
by using average angular difference between neighboring local x directions. As can be seen in
Fig. i-ii, the vector projection baseline produced spurious sources/sinks (9 in total for the
Spot point cloud) in the vector field, whereas our method is free of unaccounted singularities
other than the ones resulting from keypoints. Note that, although it seems in Fig. [S4B, ii that our
method produces a singularity in the horns of the Spot, this is an artifact of our angular deviation
computation (error introduced by projecting neighboring vectors to the tangent space). We show
this by visualizing the vector field in Fig. [S4C. Due to spurious sources/sinks and non-smoothness,
the vector projection baseline is not suitable for downstream robotics tasks. Moreover, we show that
even if there are no spurious sources/sinks (since the vector projection baseline ignores the geodesic
paths on the surface during the diffusion), the approach fails to capture the global symmetry of the
object, leading to undesired behavior for the slicing task (Fig. iii).

6.2.3 Euclidean Diffusion Baseline

As the third baseline, we considered Euclidean diffusion using keypoints (ignoring the surface
geometry during the diffusion), computing its gradient field to get x-direction and projecting the
resulting vectors to the tangent space. For computing the tangent space we used smooth extension
of surface normals to the workspace using WoS. This baseline addresses smoothness issues related
to the first two baselines. However, it ignores the geometry of the surface during the diffusion of the
x-direction and extrinsically correct it afterwards. We used a T-shaped object for this comparison
since it has a concave region which shows the issue created by ignoring the surface geometry for
diffusing x-directions. The Euclidean diffusion baseline produces x-directions that cut across the
concavity of the T-shape (Fig.[S5]A). This is an undesired behavior since it would lead to undesired
motion for downstream robotics tasks. On the other hand, our method respects the geometry of the
surface during diffusion and produces x-directions that follow the surface layout (Fig.[S5B).

6.3 Robustness to Clutter and Occlusions

Our method is robust to clutter: objects that are close in Euclidean distance but far in geodesic
distance on the target surface have limited influence on the diffusion. Since the diffusion follows
geodesics, distractor surfaces do not alter geodesic paths along the object. We show this in a cluttered
scene in Fig.[S6JA: despite nearby distractors, the slicing trajectory is unaffected. A second case is
occlusion, where the object of interest is partially hidden. If the occlusion does not split the object
into disconnected regions, we do not observe problems (Fig.[S6B). Although occluders perturb local
shape, they do not break the object’s global symmetry, so the trajectory remains stable. Naturally, if
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Figure S4: Comparison between vector projection baseline and surface diffusion. (A) Vector
projection baseline. Vector projection results in a non-smooth vector field on the tangent planes
leading to spurious sources and sinks. (B) Surface diffusion (ours) producing a smooth vector
field on the tangent planes free of sources and sinks except the ones at keypoints. (i) Orientation
deviation on the tangent plane shown using a heat map. (ii) Deviation of the orientation in the
local neighborhood. Higher red intensity show higher deviation. (iii) Slicing task comparison. We
visualize the slicing trajectory with the black curve and visualize the tool pose in 4 equally-spaced
time intervals.
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A Euclidean diffusion B Surface diffusion

Figure S5: Comparison between Euclidean diffusion baseline and surface conditioned
workspace diffusion. Red point designates the source whereas the blue square is the sink. (A)
Euclidean diffusion baseline, ignoring the surface geometry during the diffusion and using projec-
tion of the gradient vectors to the tangent space. (B) Diffused orientation field (ours). (i) Results
of scalar Euclidean and surface diffusion. (ii) Orientation field comparison. Regions where the
Euclidean diffusion baseline cuts across the concavity of the T-shape are highlighted with dashed
lines.

(i) Scalar diffusion

(i) Orientation Field
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Broken Geometry

Figure S6: Expriments on cluttered scenes. (A) Slicing in the presence of distractor objects. (B)
Slicing in the presence of an occluder that does not break the object into disconnected regions. The
occluder perturbs local shape but does not break the object’s global symmetry, so the trajectory
remains stable. (C) Slicing in the presence of an occluder that breaks the object into disconnected
regions. We placed a cable across the object so that it occluded the midsection of a banana, producing
two disconnected components. With zero-Neumann boundary conditions (which act as diffusion
insulators), the diffusion “followed” the cable and led to failure. (D) Proof-of-concept experiment
to address the failure cases in (C) using Grounded SAM (44)). We use object segmentation for
detecting that the disconnected regions belong to the same object.

the occluder dominates the view, performance degrades. In such cases, the occluder should first be
removed or the camera viewpoint changed. A problematic case arises when an occluder breaks the
observed geometry into disconnected regions (Fig. [S6C). We placed a cable across the object so
that it occluded the midsection of a banana, producing two disconnected components. With zero-
Neumann boundary conditions (which act as diffusion insulators), the diffusion “followed” the cable
and led to failure. A potential fix is to add a light instance-segmentation step (e.g., to detect that
the disconnected components belong to the same object), then treat internal vs. external boundaries
differently—only assigning zero-Neumann to external boundaries. This preserves diffusion across
the object while insulating against true external occluders. We made a successful proof-of-concept
test for this approach using Grounded SAM for segmenting the objects and figuring out the
disconnected regions belong to the same object, as shown in Fig. [S6D.
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Table S3: Hyperparameters.

Group Parameter Value
Diffusion Time (1) 1000 (10 only for coverage)
Voxel Downsampling 3 mm

Admittance Controller Position Stiffness (N/m) [400,200,200]

Rotational Stiffness (N*m/rad) [200,200,200]

6.4 Force and Contact Stability

Point cloud measurements have millimeter scale position errors from the combined effects of
camera depth noise, residual errors in extrinsic calibration, and joint encoder uncertainty. While
the position from the point cloud can be biased by a few millimeters, the local directions from
DOF remain reliable for approaching or moving on the surface, and the admittance controller
compensates positional offsets during contact-rich tasks such as peeling.

We evaluated the force and contact stability in two experiments. The first shows adaptation to
height error by performing five consecutive peels that progressively lower the surface. The second
reports force and torque profiles across objects. Figure plots five consecutive peels for pear
and avocado. For the pear, force and torque traces are closely matched across passes; notably the
z direction force becomes positive near the end of the trajectory due to the cutting force required
to separate the skin. We also observe a small decrease in normal force and tool axis torque across
passes, consistent with progressive material removal. For the avocado, the skin detaches mid way
through the first peel, seen as the x direction force dropping to zero. In the second run, the peeler
re-engages at the remaining unpeeled patch and continues peeling from that point. After the hard
skin is removed, later peels run on soft flesh and produce lower forces and torques with similar
profiles.

Figure [S7B shows two peels at different locations on the same object for pear and cucumber.
Profiles are similar in shape, with magnitudes that vary across objects. For all the experiments,
we used the same hyperparameters listed in Table [S3] Measurement precision is limited by fixture
compliance, since rigidly securing soft objects without deformation is difficult and beyond the
scope of this work.
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A 5 Consecutive peels along the same profile B 2 Peels at different locations along the surface
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Figure S7: Force and torque profiles from real-world peeling experiments. Forces and torques
are expressed in the end effector frame which is aligned with the local reference frame. (A) 5
consecutive peels from (i) a pear and (ii) an avocado, by removing progressively more material and
effectively changing the surface height. (B) 2 peels at different locations along the surface of (i) a
pear and (ii) a cucumber.
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