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ABSTRACT

Signed Distance Fields (SDF) are widely used in robotics for collision checking, reactive control and trajectory
optimization, but high-fidelity batched evaluation on GPUs remains challenging. This work proposes a low-
rank formulation based on tensor decompositions of Bernstein polynomial SDF models. In particular, link-wise
coefficient tensors are represented in low-rank tensor formats, namely canonical polyadic (CP) and tensor
train (TT), yielding compact and differentiable implicit models with analytical evaluation of both the distance
field and its gradient. This is especially relevant for robotics applications in which collision handling often
requires not only distance queries but also gradient information to generate repulsive actions, deformation
directions and optimization updates. A roofline-inspired analysis is introduced to interpret the runtime behavior
of dense and compressed models across polynomial orders and batch sizes. Experiments on SDFs representing
the different links of a robot manipulator as implicit shapes show that low-rank significantly reduces runtime
and memory with respect to the dense model, while preserving sufficient geometric accuracy for collision-aware
applications. In particular, CP provides the best nominal runtime in most tested settings, whereas TT offers a
more favorable memory scalability trade-off. Reactive collision-avoidance examples further confirm that the

proposed models provide gradients accurate enough for real-time motion generation.

1. Introduction

Safe real-time motion in cluttered and dynamic environments re-
quires fast evaluation of obstacle and self-collision distances. Signed
Distance Functions/Fields (SDFs) provide a compact implicit represen-
tation that supports efficient field and gradient queries for collision
checking, trajectory optimization, reactive control and mapping [1-6].

Recent robotics research has increasingly adopted SDFs as a uni-
fying primitive across three intertwined directions. First, SDFs are
increasingly embedded directly into the control loop (e.g., QP-IK [7-9]
and MPC [10]), where stable gradients translate into repulsive ac-
tions [4] and smooth avoidance behaviors [3]. Second, there is a shift
from discrete grid-based distance representations toward continuous
SDF models, such as neural implicit representations, Gaussian pro-
cesses and polynomial bases, to enable resolution-independent queries
and smoother gradients for optimization [11-14]. Third, the notion
of distance is being extended beyond workspace geometry toward
configuration-dependent representations, yielding joint-space distance
queries and derivatives that more directly match the decision variables
of manipulators [9].
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Despite these advancements, a key bottleneck remains in robotics
applications that require large batches of distance and gradient queries
under strict latency constraints. This is particularly relevant in GPU-
based motion generation, reactive control and large-scale collision-
aware optimization, where the practical value of an SDF model depends
not only on geometric fidelity, but also on how its evaluation cost scales
with batch size, approximation order and hardware characteristics.

To address this issue, we build on the link-wise Robot Distance
Field (RDF) framework and on the dense Bernstein-polynomial SDF
formulation introduced in [4,7]. These prior works already provide
a detailed reconstruction of how the differentiable link-wise distance
field is built [7] and exploit SDF gradients for collision-aware motion
generation [4].

The contribution of this paper instead lies in introducing a low-
rank Bernstein RDF formulation in which the learned coefficient tensor
associated with each robot link is represented directly in canonical
polyadic (CP), also known as CANDECOMP/PARAFAC, or Tensor-Train
(TT) form. The proposed formulation combines the structure of Bern-
stein RDFs with low-rank tensor parameterizations. It preserves the

Received 6 May 2026; Received in revised form 24 July 2026; Accepted 22 August 2026

Available online 12 September 2026

0921-8890/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nec-nd/4.0/).


https://www.elsevier.com/locate/robot
https://www.elsevier.com/locate/robot
https://orcid.org/0009-0002-4092-637X
https://orcid.org/0000-0002-9036-6799
https://orcid.org/0000-0001-9457-4643
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://github.com/GovoUnibo/CP-TT-RDF
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
https://zenodo.org/records/20041439
mailto:andrea.govoni11@unibo.it
https://doi.org/10.1016/j.robot.2026.105717
https://doi.org/10.1016/j.robot.2026.105717
http://crossmark.crossref.org/dialog/?doi=10.1016/j.robot.2026.105717&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

A. Govoni et al.

analytical differentiability and link-wise structure of the original Bern-
stein RDF while reducing model storage and in favorable GPU regimes,
lowering the computational cost of large batched evaluations.

The technical development of this work proceeds as follows. First,
in Section 3, we revisit the dense Bernstein RDF formulation and
express it in tensor form, making explicit the role of the link-wise
coefficient tensor in distance and spatial-gradient evaluation. Starting
from this reference formulation, we show how the coefficient tensor
can be represented in CP or TT form and derive the corresponding
factor- and core-level contractions for batched distance and gradient
queries without reconstructing the dense tensor at evaluation time.
While analytical SDF gradients are inherited from the original Bernstein
formulation, their direct evaluation from CP factors or TT cores is
specific to the proposed low-rank model.

We then consider two complementary strategies for identifying the
low-rank parameters. As explained in Section 4, an existing dense RDF
can be compressed post hoc by decomposing in the weight tensor
using classical TD method [15], or the CP factors and TT cores can
be optimized directly from sampled SDF values in field space, avoiding
the construction of the dense model. Both procedures instantiate the
same low-rank Bernstein RDF model class, although they solve different
approximation problems.

In Section 5 we analyze when the proposed representations can
be used, while Section 6 compares the construction requirements,
approximation accuracy, memory footprint, and evaluation cost of
the dense, CP, and TT formulations. Analytical complexity expres-
sions and a roofline-inspired analysis identify their practical trade-
offs and break-even regimes. The experiments in Section 7 experi-
ments, their accuracy-memory-runtime behavior and their suitability
for gradient-based collision avoidance. Section 8 concludes the paper
and Appendix 9 provides the algebraic derivations omitted from the
main text.

2. Related work

Distance fields have long been used as implicit geometric rep-
resentations providing distances, inside/outside queries and gradient
directions useful for collision reasoning [1]. For online scene updates,
piecewise-polynomial SDF models enable incremental learning of con-
tinuous distance fields with analytical gradients [11]. Hierarchical SDF
schemes instead decompose the representation across multiple levels,
supporting scalable mapping in large and unknown environments [16].

In robotics, distance fields, especially grid-based fields and Eu-
clidean Signed Distance Fields (ESDFs), are widely used as implicit
representations for collision reasoning [2,14]. However, their memory
footprint and discretization artifacts motivate continuous alternatives,
while GPU acceleration and sparse volumetric data structures have
improved the real-time performance of grid-based approaches [12,17,
18]. Neural SDFs are attractive for their compactness and differentia-
bility and have been used to learn joint-space distance functions that
enable efficient batched GPU queries, but may not explicitly encode
the robot’s kinematic structure [3,9,19,20]. In contrast, recent research
has shifted toward representing robot geometry by modeling each
link separately and composing the full robot geometry through SE(3),
which enables gradients for optimization and control [4,7,8]. Addition-
ally, point-based methods like RMMI [21] and GPU-accelerated SDF
computation [22] offer scalability but lack of differentiable structure.

In trajectory optimization and motion generation, SDFs are widely
used to define smooth collision costs, while recent works have shown
how continuous SDF models and GPU-parallel pipelines enable fast
collision checking, reactive control and low-latency large-scale opti-
mization [22-24].

The computational advantages of SDF-based representations are
evident from their successful integration into real-time control frame-
works, especially those based on quadratic programming [3,8,9,21,25].
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By contrast, their use in task-priority formulations remains compara-
tively less explored [4,26,27].

Low-rank tensor decomposition (TD) such as CP and TT provide
a principled way to compress high-dimensional field representations
while retaining efficient evaluation [14,15,28,29]. Building on these
ideas, we develop a low-rank tensor formulation of polynomial SDF
models with analytical gradients, designed for GPU execution and
large-scale batched queries.

3. Signed distance functions with Bernstein bases

On compact domains, multivariate polynomials provide a standard
approximation tool for continuous scalar fields. In the proposed frame-
work, the polynomial order controls the expressiveness of the approxi-
mation, whereas the tensor rank controls how compactly the coefficient
tensor is represented within the chosen basis. By the Stone-Weierstrass
theorem, polynomial functions are dense in C(£2) for compact sets
Q c R3. Hence, on any bounded region of interest, sufficiently rich
polynomial bases can approximate continuous target fields arbitrarily
well [30,31]. By contrast, TD do not modify the approximation space
induced by the selected polynomial basis. Rather, they represent the
corresponding coefficient tensor in a structured low-rank format, which
may be exact or approximate depending on the chosen rank.

Fig. 1 provides an illustrative comparison among the original mesh
(Fig. 1(a)), the corresponding SDF given by the Bernstein approxima-
tion (Figs. 1(b) and 1(c)) and its level sets is provided (Fig. 1(d)).

Throughout this paper, ¢ € R" denotes the robot configuration
vector, where n, is the number of robot degrees of freedom (DOF).

3.1. Dense representation of SDF

Given a closed surface S, the SDF assigns to any point p € R? the
minimum Euclidean distance to S with a sign indicating whether p is
outside or inside:

dmin(p, S)  p outside S,
f(p)=4 0 pES, a
—dpin(p,S) p inside S.

In robotics each link SDF is conveniently represented in its own local
frame. Let T/(q) € SEQ) denote the homogeneous transform of link
frame / in the world frame. Then, distance query point p is obtained by
transforming the query point from world frame to the link frame:

L) = [i((T @) p). (@)

where f;(-) denotes the SDF of link / expressed in the link local frame.
Henceforth, we omit the explicit dependence on ¢ and / when clear
from the context.

Although exact SDFs are not differentiable everywhere, for example
at points with multiple closest-point projections, typically associated
with the medial axis (see Sec. II.C in [1]), we seek smooth approxima-
tions better suited to optimization problems in robotics. In this respect,
tensor-product Bernstein bases provide a constructive and uniformly
convergent approximation on bounded domains, while also yielding
derivative convergence on compact sets for sufficiently smooth func-
tions [32]. Previous work [4,7] has shown that Bernstein polynomials
are effective for approximating SDFs in robotic applications, as summa-
rized next. Each coordinate x, y, z is mapped affinely to ¢,, 1,1, €[0,1]
and we define the Bernstein basis of order N :

(1) = (o), ... dy_1 D], 3
$,(0) = <Nl.‘ 1) (1= N, @)
Defining the tensor product basis,

¥(p)=2(t,) @ D(1)) ® D7), )
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(a) Mesh representation.

(c) SDF representation with N = 128.
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(b) Cube representation with N = 32.

(d) Surface level curves of the cube.

Fig. 1. Different cube representations, including the original mesh, the implicit Bernstein model, the SDF and its level sets. Higher polynomial orders N provide

a more accurate approximation of sharp edges while preserving differentiability.

the Bernstein approximation can be written as

fu® =¥ w )

where w € RN’ is the vectorized form of coefficients. The resulting
approximation of f is smooth and explicitly differentiable; as a result,
the gradient Vf is available everywhere. Differentiating (6) gives

V. fu(P) = V¥ (pw, @

where the partial derivatives are obtained by differentiating the tensor-
product basis (5):

V¥ = (1) @ B(1,) @ 1), ®
V¥ = 0(,) @D (1)) ® D(1,), )
V¥ = 0,) @ B(1,) @ P'(1,). 10)

where @/ (t,), d)’y(ty) and @ (t,) denote the element-wise derivatives of
the corresponding Bernstein bases in Eq. (3). The resulting approxima-
tion is smooth and explicitly differentiable; therefore, the gradient of
the approximated field is available everywhere in the domain.

While this representation is functional and dense, it is not the
only possible choice; in the remainder of this paper, starting from
this formulation, we develop two alternative representations that are
computationally more efficient and amenable to GPU implementation.

Remark 1 (Normalization and Chain Rule). Bernstein bases are eval-
uated in normalized coordinates t = (tyo1y,1;) € [0,11® with t;, =
(Pi = Pmin)/ Prmax.i = Pmin,i)s | € {x,,z}. Throughout the paper, t denotes
Bernstein coordinates and p world coordinates. By the chain rule it
holds

Y, fulp) = diag(;

max ~ Pmin

) V.f (). 1D

3.2. Separability and lower rank approximation

Evaluating the dense Bernstein model in Eq. (6) requires O(N?) op-
erations per query. To reduce both storage and evaluation cost, we can
estimate the coefficient tensor w with a low-rank tensor decomposition
(TD).

Let f,, denote the sampled SDF values generated by the dense model
and let frp denote a generic SDF induced by a low-rank approximation,
where wqy, is the coefficient vector reconstructed from the TD. Then,

I/ = frolla = I¥(w — wrp)llz < 1Pz lw — wrpll,- 12)

Therefore, the error induced on the sampled field values is con-
trolled by the coefficient reconstruction error, up to the operator norm
of the basis-evaluation map. In addition, higher ranks generally provide
a more expressive low-rank parametrization of the coefficient tensor,
which can improve reconstruction accuracy and, consequently, reduce
the approximation error on the sampled field values.

Although this does not directly guarantee preservation of geometric
quantities such as the exact zero-level set, it provides a useful algebraic
justification for seeking a low-rank representation wrp, of the original
coefficient tensor w such that ||w — wyp||, is as small as possible.

As shown in Fig. 2, we consider two standard low-rank parametriza-
tions of w: CP, which represents w as a sum of rank-one terms and
TT, which represents it as a chain of low-rank cores. The preference
between CP and TT is established based on the observed error—cost
trade-off, rather than on an a priori geometric complexity measure.

This distinction is important because a more compact TT
parametrization does not automatically imply a faster evaluation than
CP. When a target geometry can be approximated with a moderate CP
rank, the CP representation is typically preferable from a computational
point of view because of its simple separable structure and linear
dependence on the CP rank. Conversely, TT becomes attractive mainly
for geometries whose accurate CP approximation would require a sub-
stantially larger rank, while comparable accuracy can still be obtained
with relatively small TT ranks. In such cases, TT can reduce storage and
peak memory, although the corresponding runtime improvement may
remain limited by implementation-dependent overheads.

3.3. Canonical Polyadic (CP) approximation

Motivated by the bound in Eq. (12), we seek a low-rank repre-
sentation that keeps the reconstruction error small while improving
the computational efficiency of field evaluation. When the coefficient
tensor can be well approximated with a sufficiently low CP rank, the CP
parametrization provides a compact and efficient representation of the



A. Govoni et al.

Robotics and Autonomous Systems 206 (2026) 105717

Canonical Polyadic (CP)/ CP factors: )
We approximate the original weight vector w AERMR B ERMR CERMR
as a sum of R rank-l components
A ERR
® ® 4
Dense Representation

N N N Panda 0-Il
§ CP-approximation )

TT cores: ’ &

Panda 0-lvl dense-approximation

G(1) € RixNxrt G(2) € Rrix¥a2 G(3) € RraxNxl
pl-=: B M. |

Tensor Train (TT) | | lN

We approximate the original weight vector w
as a product of 3 low rank cores

Panda 0-Ivl
TT-approximation

Fig. 2. Canonical polyadic and tensor train decompositions of the Bernstein SDF weight tensor. All three representations yield nearly identical zero-level surfaces.

field, reducing the per-query evaluation cost to O(RN). Accordingly, w
is approximated by a CP model with R components:

R
Wcp = Z }'r(ar ®0ut br ®0ut Cr)’ (13)
r=1
where a,,b,,c, € RN and 4, € R for r = 1,..., R, and ®,,, denotes the
outer product.
The resulting scalar field for a single point is

R
fep@) = Y 4 (@) a,) (D)7 b, ) (01,) c,). a4

r=1

The interested reader can find the proof in Appendix 9. Let
A= [01 ﬂR]’ B= [b1 bR], C= [01 CR]’

collect the rank-one factors, so that 4, B,C € RN*R have columns
a,,b,,c, and let A € RR. Then, (14) can be written in compact form
as

Fu@®) & fep(p) = (@) Ao ®(1,) B od(,)C) A, (15)

where o denotes the element-wise (Hadamard) product.
Differentiating with respect to the normalized coordinates yields

(@'(t)TAod(1,) Bod(t,)C) A
V fep®) = | (@) TA o @'(t,)TB o d(t,)TC) Al (16)
(@(t)TA o ®(t)TBo @' (t,)'C) A

where @' (.), di; (-) and @/(-) denote the element-wise derivatives of
the corresponding Bernstein bases. The gradient in world coordinates
follows from (11).

3.4. Tensor Train (TT) approximation

As an alternative low-rank parametrization, we also consider the TT
format, which provides a more compact and compressed representation
of the coefficient tensor while retaining sufficient approximation accu-
racy. In particular, the TT form reduces the per-query evaluation cost
to O(N(ry + ryry +ry)). Accordingly, w is approximated by a TT model
with ranks (r}, r,):

1l )
— (1) (2) (3)
WTTG,iyip) = Z Z Gl,il,al Gal,iz,az Gaz,z3,1’ a7
a =1 ap=1
where G € RI*XNxri @ g RixNxr2 - GO e R2XNX1 are TT cores
and i, ; are the indices of the Bernstein functions along the x, y and z
axes..

The associated SDF is

ry N-1
=3 3 (B 6l 000)

aj=1 ap=1 \i;=0
N —
(a1)
a, (ty,)
N-1 N-1 (18)
(2) 3)
X < > GD, b, (g))( 2 G 9, m)
ir=0 i3=0
(ay,a2) ()
B, e 2(t,)
For compactness, let
.
a,()=[aP() - a{V O],
(1,1) (1,ry)
B0 B}"()
B,()=| : :
(r1,1) (r1.r9)
BV B ()

T
¢, ()= [CEI)(.) cirz)(.)] .

collect the TT factors, so that a,(-) € R", B,(-) € R"*"2 and c,(-) € R™.
Then Eq. (18) can be written in the compact form

Frp) = a,(6)T By(t,) e (1), a9

The TT model is differentiable since it is a multilinear form in the
Bernstein bases. Differentiating (19) gives the gradient as:

di(t)7 By(1,) c,(t,)
V. frr(p) = [ a1 )T Bl(1,) (1) |, (20)
a,(t)7 B,(1,) cl(t,)

where d, ,B; ,c, are obtained by replacing ¢;(r) with ¢/(r) in the defi-
nitions of a,, By, c, in (18). The gradient in world coordinates follows
from (11).

4. Learning the low-rank factors

The CP and TT models derived above define low-rank Bernstein RDF
parameterizations. Their parameters can be obtained in two comple-
mentary ways. A first option is post-hoc tensor compression: a dense
Bernstein coefficient tensor is computed or learned first, and then
approximated using standard CP or TT decomposition algorithms, for
instance through tensor-decomposition libraries such as TensorLy [33].
A second option is direct identification: the CP or TT factors are
optimized directly from sampled SDF values, without explicitly mate-
rializing the dense tensor. Both procedures lead to the same class of
low-rank Bernstein RDF models and therefore share the field and gradi-
ent evaluation formulas. In this work, we adopt the latter viewpoint and
formulate factor identification as a regularized data-fitting problem.
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Let D = {(pk,yk)}k‘[’=1 be a dataset of query points p, € R> and
corresponding target SDF values y,. Given a chosen approximation
order and tensor rank, the low-rank parameters are obtained by min-
imizing a ridge-regularized least-squares objective over mini-batches.
Since the optimization problem is non-convex in the CP or TT factors,
the obtained solution generally depends on initialization, sampling den-
sity and rank selection. Accordingly, the optimization stage is treated
here as a practical fitting procedure rather than as a contribution on
tensor-learning algorithms.

4.1. CP-RDF fitting
The CP parameters .p are estimated by solving
. 1
min —
bce | B

where B C D denotes the current mini-batch and p > 0 is the
regularization coefficient.

| fcp(@: 0cp) = v5l5 + PllOcp 12,

4.2. TT-RDF fitting
Similarly, the TT parameters 6, are estimated as
.1
min —
orr | B

In the reported experiments, all low-rank models are trained with
mini-batch Adam. Although ALS- or MALS-type solvers could also be
considered, Adam provided more stable behavior in our setting.

| Frr(ps 011) = v ||% + plO77 112

5. Exploit SDF gradients for surface projection and reactive colli-
sion avoidance

Following the RDF-based collision-avoidance strategy proposed in
[4], we use the same geometric principle to demonstrate that the pro-
posed compressed RDF models can be effectively exploited in reactive
collision-avoidance algorithms.

A differentiable SDF allows projecting a generic point p € R? onto
a desired level set of the distance field S := {p € R3 | f(p) = d}, where
d = 0 corresponds to the obstacle surface, while d > 0 defines an offset
isosurface at clearance d. Starting from p, := p, the projection can be
found by iteratively moving along the normalized gradient direction:

Vf(p,)
- q, —
IVl
and stop when |f(p,) — d| < ¢, returning p := p,. Assuming V f(p) # 0,
the displacement (p — p) is aligned with the surface normal.

Given a point p(¢q) € R, its projection p onto the surface to an object
can be computed using Eq. (21). In this way the vector that links the
point p and the projection p defines the repulsion direction at the closest
obstacle point.

As shown in Fig. 3, we adopt the adaptive step to a converge
in one or two iterations, generally setting «, = |f(p,)|. This update
is meaningful when the approximated field is locally smooth and its
gradient remains sufficiently aligned with the true outward normal
in the neighborhood of the target level set. Given a robot with n,
degrees of freedom (DOF), let J.(q) € R¥>" denote the geometric
Jacobian of the most critical point p, on the robot. A desired Cartesian
repulsive velocity can be defined along the opposite direction of the
signed-distance gradient, while its magnitude can be modulated by a
Cartesian control law, e.g., a barrier function. The corresponding joint-
space velocity is then obtained through the pseudoinverse of the point
Jacobian as

§=-J,@'Vfp,)

Pni1 = Pn a, = f(p,) —d. 2D

S (22)
f/(pr) _ dsafe

where f,(p,) denotes the signed distance evaluated at the critical point
p, belonging to link # and 4% is the prescribed safety distance. The
Jacobian J,.(¢) is the point Jacobian associated with p,, i.e., computed
up to the link # involved in the closest interaction.
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Fig. 3. Projection of collision points using CP as approximation function. The
red points are the nearest collision points, while blue points on the robot are
the points to move away. Blue arrows represent the repulsion gradients. (For
interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

6. Analytical cost model and GPU regime

Building on the CP/TT factorizations of the Bernstein SDF, we
estimate their GPU evaluation cost relative to the dense model through
a roofline-inspired performance model [34,35], parameterized by the
batch size P and the polynomial order N. The dense Bernstein model
requires O(P N?) floating-point operations, whereas the CP and TT for-
mats reduce this cost to O(PRN) and O(P N (r, +r,r,+r,)), respectively.
In the common case r; ~ r, ~ r, the TT complexity simplifies to
O(PNr2).

Define the number of parameter counts as:

I,=N3 Tep=3NR+R, TIrp=N@+rr+r) (23)

On modern GPUs, kernel runtime is constrained by both compute
throughput Cpeq (FLOP/s) and memory bandwidth B,qq, (bytes/s).
The following analysis is not intended as an exact runtime predictor,
but as a compact interpretative model to explain how batch size,
polynomial order and decomposition rank affect the dominant GPU
regime. Following a roofline-inspired model, the batch execution time
is approximated as

F(P) Mfix + Mstream(P)

T(P) ~ max , , 24
peak Bwidth
——
compute memory

where F(P) is the total number of floating-point operations for a
batch of size P, My, is the batch-independent cost of loading model
parameters and M;..,(P) accounts for per-query data movement such
as basis evaluations and input/output transfers.

In practice, the measured time also depends on implementation-
level effects. To obtain a simpler expression for comparison and break-
even analysis, we replace the max-form roofline model in Eq. (24) with
its standard additive upper bound [36]:
@ + Mgy + Mstream(P). (25)

peak Byigtn
This upper bound is adopted only to derive a tractable affine surrogate
just for comparison across dense and low-rank models. To account for
deviations from the idealized roofline surrogate, we augment the model
with a batch-independent overhead T; ,, at small-batch regime and an
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implementation-dependent term 4; (P):

mpl,m

X F,(P) Mgy + M, 4(P)
T(“'t)f(P) ~ ) fix() stream.{-} + Aimplv(A}(P), (26)
Cpcak Bwidth
with
Qi) (P) = 8p (P + 68y @7

where 6p;, and &y, are terms accounting for implementation-
dependent deviations from the simplified roofline model, respectively
in the per-query slope and in the constant offset. For the small-batch
regime, we define the clock surrogate as

T, (P) = max(Ty ). T (P)). (28)

where T3T(P) denotes the affine model obtained after adding the
residual correction.

Let ¢y, cp, ¢ denote the FLOP constants for dense, CP and TT eval-
uation, respectively. Let s, 5., s, denote the memory traffic per dense
coefficient, CP parameter and TT parameter, respectively. Moreover,
let s, denote the cost associated with loading the three Bernstein basis
rows and let s, P collect the output writes together with any additional
per-query auxiliary traffic scaling linearly with the batch size.

Then, we write
Fw() = erwp, FCP(') = CcprcpP9 FTT(') = CtlEtP’

My = sl Miix 11 = su i (29)

M,

stream,w

Mfix,CP = schcp’

= stream,CP = Mstream,TT ~ 3S¢NP + soP'

For simplicity, we assume that the per-query streaming traffic
Mg ream, (.} is dominated by basis loading and output writes and is there-
fore approximately the same for dense, CP and TT kernels. Substituting
(29) into Eq. (25), we define the idealized coefficients

Cy L3 S, o
Ay = ot iy B
= Coewx T B, T B, 30)
_ S
ﬂ(.)—B—,

w

where {-} indicates the model-dependent factor and

1 _ 1 > _ 1
Mo = N7° Mo = N3
,]1 :L ”2 :;
®  3NR+R’ °° 3NR+R’

1 1 2
He=—"—""""" n. =
R Y O S t

1
N@riry+ri+r)

Let T,,, Tcp and Ty denote the execution times of the dense Bern-
stein, CP and TT models, respectively. Under the idealized affine sur-
rogate, the measured runtime also depends on implementation-level
effects that are not explicitly represented in the simplified roofline
model, such as kernel-launch overhead, operator dispatch, backend
selection, synchronization, tensor layout and possible materialization
of intermediate tensors expressed in Eqs. (27) and (28).

Accordingly, the implementation-aware affine surrogate becomes

Ty~ a,lyP+ BTy +6p, P+,
Tep ® agy Iy P+ fop Ly + 0p op P+ Sgcp @31
Trr = oy Iy P+ Py 1y + 6p o P+ S

Equivalently, defining the effective coefficients

. _ 50{.}
, 4 =P+ =, 32
ﬂ() ﬁ() 1-,('} ( )

we can rewrite (31) in compact form as

T, ~ &,T,P+p,T,,

Tep ® gy Loy P + By leps (33)
Trrp = & Ty P+ B Iy
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For sufficiently large batch sizes P, fixed costs are amortized and
the runtime is increasingly governed by the effective per-query slope

(’ft(‘) = a(,}r{.) +5P,(A).

This does not necessarily correspond to a strictly compute-bound
regime, since &, still includes both arithmetic and streaming contri-
butions. Therefore, the break-even conditions derived below should
be interpreted as large-batch asymptotic guidelines under the cali-
brated surrogate model, rather than as exact predictors of the observed
crossover points.

Proposition 1 (Large-batch Break-even Conditions). For sufficiently large
batch sizes, the batch-independent terms in (31) become negligible with
respect to the terms linear in P. Under the implementation-aware surrogate
the following asymptotic speedup conditions hold:
d, <@, = Tep <T, for sufficiently large P,
&y <&, = Trr <T, for sufficiently large P, (34)
&y <@y = Trp <Tcp for sufficiently large P.
Using the conditions in Eq. (23) these inequalities become

tyB3NR+R) +6pg, < @, N> +6,p,
ayN(riry+ry+r)) +6py < awN3 +6pw (35)
ayN(riry+ry+r)) +6py < acp(3NR +R)+ 5P,cp~
In the idealized case, for a fixed Bernstein order N, rank selection is the
key factor advantage of low-rank representations over the dense Bernstein
model. In particular, suppose that the implementation-dependent corrections

are equal or negligible across methods, ie., §,, = 6., = &, and assuming
comparable kernel efficiencies a,, =~ a, = ay, (35) reduces to

N3
R< => Tep <Ty,,
3N +1 =T
rlr2+r1+r2<N2 => Trp < Ty, (36)

1
rlr2+r1+r2<R(3+ﬁ) => Ty < Tep.

Remark 2. The simplified inequalities in (36) should be interpreted
as idealized large-batch design guidelines. In practice, the observed
crossover points depend on the implementation-dependent corrections
é,, and on the batch-independent overheads T;,, and are therefore not
determined by parameter counts alone.

Remark 3. In our PyTorch-based implementation, the effective per-
query coefficient includes not only FLOP counts and streaming traf-
fic, but also implementation-level effects such as operator dispatch,
backend selection, tensor layout and the possible materialization of
intermediate tensors. For a fixed software stack and hardware platform,
these effects can be absorbed into method-dependent constants §,,, &,
and &, yielding a calibrated surrogate model for practical speedup
prediction.

7. Results

The results were obtained by benchmarking the same PyTorch-
based kernels on two GPUs with different compute-memory balances,
namely a NVIDIA GeForce RTX 3080 Laptop GPU with a 12th Gen
Intel Core i7-12700H CPU and an NVIDIA GeForce RTX 4060 Ti with
a 12th Gen Intel Core i7-12700 CPU. Based on datasheet specifica-
tions,' the RTX 3080 {Cpoy ~ 29.8TFLOP/s, B, ~ 760GB/s} has a
lower compute-to-bandwidth ratio than the RTX 4060 Ti {Cpey =~
22 TFLOP/s, B,,~288 GB/s}. Therefore, the same kernel is expected to
remain more affected by memory traffic over a wider batch-size range

1 NVIDIA datasheets, https://www.techpowerup.com/gpu-specs/.
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Table 1
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Parameters of the implementation-aware runtime surrogate for the two representative settings shown in Figs. 4(a) and 4(b) for a

single SDF object.

Method T, oy By Sp.(y o1 T, [ms] MAE [ms]
Weights 512 7.691 x 1078 1.389 x 107! 1.606 x 107% 2239 x 10~* 0.2637 0.0457
Weights 13824 1.643 x 10713 1.389 x 107 4.429 x 10777 1.874 x 107%™ 0.0030 0.1103
cp 600 6.696 x 10~13 1.389 x 107 1.936 x 10~% 2.851 x 10~™ 0.2478 0.0356
cp 2336 5.249 x 1078 1.389 x 107! 2.596 x 10710 2401 x 10~* 0.2440 0.0086
tt 1344 3.493 x 10713 1.389 x 107 4.150 x 1079 2.335 x 107 0.2800 0.0171
tt 4032 3.424 x 10713 1.389 x 10~ 4.230 x 107" 2.860 x 10~* 0.3123 0.0361
00NOOM oom oom
—e— Weights measured —-- Weights model 102 ™ Weights measured —-- Weights model
~=— CP measured CP model ~=— CP measured CP model
—— TT measured — -+ TT model —s— TT measured — -+ TT model
@ @
£ £
2 E
10° 100
3 - 56 59 ZT' 515 516 P 52 - ; — 56 58 le— 515 16 271 22

Batch Size P

(a) Low-order setting: weights N = 8, CP N =
8,R=24, TT NZS,T‘l =ro = 12.

Batch Size P

(b) Higher-order setting: weights N = 24, CP N =
24, R =32, TT N = 24,71 = = 12.

Fig. 4. Measured and implementation-aware modeled runtime versus batch size P for dense weights, CP and TT RDF evaluation for a single SDF object. Solid
lines denote measured runtimes, dash-dotted lines denote the calibrated surrogate and vertical dotted lines mark the first out-of-memory (OOM) batch.

on the RTX 4060 Ti, whereas the RTX 3080 offers a more favorable
arithmetic-throughput-to-bandwidth balance. Since the same PyTorch-
based kernels were used on both devices, the measured runtimes also
reflect implementation-level effects such as operator dispatch, tensor
layout and intermediate tensor materialization.

7.0.1. Runtime trends and surrogate-model fit

Using Eq. (28), Figs. 4(a) and 4(b) show that the proposed
implementation-aware surrogate captures the main runtime trends
of dense and compressed RDF evaluation across batch sizes on the
RTX 4060 Ti setup. In both settings, the small-batch regime is domi-
nated by an approximately constant latency floor, whereas for larger
batches the runtime is increasingly governed by the effective per-query
cost. In the low-order setting shown in Fig. 4(a), the three methods
remain relatively close over a broad range of batch sizes and the
advantage of compression becomes clearly visible only for larger P.
In the higher-order setting of Fig. 4(b), this advantage becomes much
more pronounced: the dense weights model grows rapidly in cost and
reaches OOM at much smaller batch sizes, whereas CP and TT remain
executable over a substantially wider range. Among the compressed
models, CP achieves the lowest runtime in these experiments, while TT
remains competitive and offers better memory scalability.

Table 1 reports the calibrated surrogate parameters for the two set-
tings. Here, I, is the method-dependent parameter count, «., and f,
are the coefficients of the idealized roofline-inspired surrogate, 6p .,
and §; ., account for implementation-level deviations from the ideal
model and T;, captures the small-batch latency floor. The last column
reports the mean absolute error between estimated and measured run-
times over the tested batch sizes. The low affine MAE values show that
the calibrated surrogate follows the measured trends well, especially
for the compressed models and thus provides a practical interpretation
of the observed crossover behavior. At the same time, the calibrated
implementation-dependent corrections differ across methods, indicat-
ing that the idealized large-batch inequalities of Eq. (36) should be
interpreted only as first-order guidelines for selecting the compression
rank. Still, if the kernel implementation is not pathological and the
empirical corrections scale consistently with the method-dependent

parameter counts, the idealized conditions remain informative and can
serve as a practical preliminary criterion for choosing the compression
rank.

7.1. Computational results

Table 2 illustrates the trade-off between approximation accuracy,
computational efficiency and batch scalability across the considered
continuous robot distance representations in literature. All locally re-
produced runtime and maximum-batch results in Table 2 were obtained
on the NVIDIA GeForce RTX 3080 Laptop GPU setup described above,
whereas the SDF-SC values were taken from the original paper and
should therefore not be interpreted as being measured under identical
hardware conditions. From the accuracy perspective, the CP-RDF fam-
ily yields the strongest results overall, with CP-RDF (N = 64, R = 64)
achieving the lowest reported RMSE of 0.5 mm.. Among the baseline
methods, SDF-SC and RNDF provide the most competitive accuracy val-
ues, with RNDF showing consistently low approximation error across
both model sizes. From the computational perspective, Neural-JSDF
provides the most favorable performance in the small-batch regime,
where it achieves the lowest latency and highest throughput among the
directly measured methods. In the medium- and large-batch regimes,
CP-RDF (N = 16,R = 32) becomes the most efficient method, at-
taining the best overall throughput at 10k and 100k queries. Finally,
with respect to scalability, RNDF exhibits the highest executable batch
capacity, particularly for K = 64, which supports substantially larger
batches than the other evaluated methods, followed by RNDF (K =
128) and Neural-JSDF. This trend is consistent with the fact that these
methods process batches at the level of robot-point queries, rather
than explicitly expanding computation over individual robot links as
in per-link formulations. The public RMMI configuration appears less
favorable in both accuracy and runtime; moreover, its timing results
should be interpreted as proxy measurements, since the publicly avail-
able setup does not include the original checkpoints required for a fully
matched end-to-end evaluation.

Tables 3 and 4, together with Fig. 5, summarize the accuracy-
memory-runtime trade-off of the dense, CP and TT representations.
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Table 2
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Quantitative comparison of continuous Panda robot distance representations in terms of approximation accuracy
and computational cost. The first table reports RMSE in millimeters, while the second table reports GPU inference
time in milliseconds, throughput in queries per millisecond, and the maximum executable batch size. Results for
approximation are taken from related GitHub repositories, while for computational results only SDF-SC is taken

from the original paper since no repository is available;

RMMI is obtained from the public iSDF setup [6].

Accuracy comparison

Method RMSE [mm]

Neural-JSDF [3] 14.61

RobotSDF [5] 6.38

Neural CDF [25] 18.90

RNDF (K = 64) 2.49

RNDF (K = 128) 1.86

SDF-SC [8] 1.6

RMMI [21] 20.7

RDF (N =38) 4.8

CP-RDF (N =8,R=32) 4.9

CP-RDF (N =64, R =32) 0.7

TT-RDF (N = 64,r =32,32) 0.8

Computational comparison

Method 1k 10k 100k Max pts
ms q/ms ms q/ms ms q/ms

Neural-JSDF 0.304 3286 1.122 8912 9.089 11002 3.2M

SDF-SC 1.05 952 1.21 8264 n/a n/a n/a

RDF (N =38) 1.27 787 2.12 4717 OOM OOM 20k

RNDF (K = 64) 1.540 649 2.897 3452 26.443 3782 12.05M

RNDF (K = 128) 2.340 427 3.092 3235 32.265 3099 3.2M

RMMI* 0.471 2123 2.126 4704 22.034 4538 1.6M

CP-RDF (N =16,R =32) 0.327 3058 1.1 9091 9.0 11111 2.2M

TT-RDF (N =16,r, =r, =12) 0.692 1445 1.6 6250 12.92 7740 1.9M

Table 3

Approximation errors of the dense Bernstein model w and its CP and TT low-rank representations for four polynomial orders N. The dense baseline is reported
once for each N, since it is independent of the CP rank R, and TT rank r,. Errors are reported in mm.

N Dense w R, Ccp Iy TT
MAE [mm] RMSE [mm] Max [mm] MAE [mm] RMSE [mm] Max [mm] MAE [mm] RMSE [mm] Max [mm]
e 6 a2 >3 a7 s o 27
16 a1 37 w02 » iy s i 32 iy 200
M 09 ® oo s 03 Gion 09 s w06
o o oo S 05 a2 o os 07 io

Table 3 shows that the tensor rank acts as a direct control parameter
for the approximation fidelity: increasing R, or r, generally brings
the compressed models closer to the corresponding dense Bernstein
representation, while moderate ranks already preserve comparable SDF

accuracy.
As the number of Bernstein bases increases, the dense model be-
comes more accurate, but its cubic parameter growth, I, = N3,

quickly makes it impractical in GPU memory. This is already evident
at N = 64, where the dense model is out of memory, while CP and TT
remain feasible and accurate. Compression is therefore beneficial not
only for runtime, but also because it enables finer resolutions under
the same hardware budget. Fig. 5 confirms and clarifies these trends.
For each polynomial order N, the dense Bernstein coefficient tensor
is first used as the reference and then approximated over a sweep of
CP and TT ranks. Figs. 5(a) and 5(b) report the RMSE between the
dense coefficients and the tensor reconstructed from the corresponding
low-rank factors, showing that the reconstruction error decreases as the
rank increases. The lower panels, Figs. 5(c) and 5(d), also show the
corresponding cost of increasing the rank: peak GPU memory grows
with the model complexity, but remains well below the dense reference,
as indicated by the dashed line, for the considered polynomial orders.
The rank therefore provides a practical design parameter for balancing
approximation accuracy against memory consumption and runtime.

At the same time, Table 4 shows that these compressed models re-
tain a substantially lower evaluation cost, with the advantage becoming
more pronounced as the polynomial order and query-set size increase.
CP is generally faster at the tested operating points, whereas TT pro-
vides an alternative trade-off when sufficient accuracy can be achieved
with small TT ranks. The timing results should be interpreted together
with the approximation settings. For each polynomial order, the CP
and TT ranks were selected as representative operating points providing
practical accuracy-cost trade-offs. For example, at N = 8 with R = 8
and (r;,r,) = (6,6) one has N3 = 512 and 3NR + R = 200 < N3, while
riry +ry +r, = 48 < N2 = 64. Therefore, both idealized sufficient
break-even conditions in Proposition 1 are satisfied. Nevertheless, for
very small batch sizes, fixed and implementation-dependent overheads
can have a comparatively larger impact on runtime, so the benefit
of the reduced asymptotic per-query cost may remain only weakly
visible. As the number of query points increases, these costs are progres-
sively amortized and the advantage of the compressed representations
becomes more apparent.

This trend becomes much stronger as N increases. Moving from
N 8to N 16 and then to N = 24, the dense model rapidly
becomes more expensive, whereas CP and TT preserve a much lower
evaluation cost for ranks that still maintain good fidelity. As a result,
the speedups increase significantly with resolution, showing that the
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Table 4
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Computation times of the dense Bernstein model w and its CP and TT low-rank representations on two GPUs. For each polynomial
order N, the dense timing 7, is reported once, since it is independent of R, and r,. In each cell, A is reported on the first line
and B on the second line, with point-cloud sizes (A4, B) = (2x 103, 7x 10%). All timings are reported in ms. Note: OOM denotes out

of memory.
N R, ry RTX 3080 RTX 4060Ti
Ty tcv Ty ty tcp Ty
[ms] [ms] [ms] [ms] [ms] [ms]
s 8 (6,6) A: 0.4 A: 0.3 A: 0.4 A: 0.3 A: 0.3 A: 0.3
B: 0.9 B: 0.5 B: 0.5 B: 1.4 B: 0.4 B: 0.4
32 (8,8) A: 0.3 A: 0.3 A: 0.3 A: 0.3
B: 0.6 B: 0.7 B: 0.5 B: 0.5
16 16 (8,8) A: 1.3 A: 0.3 A: 0.4 A: 21 A: 0.3 A: 0.4
B: 5.9 B: 0.6 B: 0.9 B: 9.1 B: 0.4 B: 0.9
32 (12,12) A: 0.3 A: 0.4 A: 0.3 A: 0.4
B: 0.7 B: 1.1 B: 0.5 B: 1.1
24 24 (12,12) A: 4.7 A: 0.5 A: 0.5 A: 6.7 A: 0.5 A: 0.5
B: 19.1 B: 0.8 B: 1.0 B: 26.6 B: 0.6 B: 1.1
48 (24,24) A: 0.3 A: 0.5 A: 0.3 A: 0.4
B: 0.8 B: 1.6 B: 0.6 B: 1.6
64 32 (16, 16) A: OOM A 11 A: 5.9 A: OOM A 1.2 A: 6.1
B: OOM B: 4.2 B: 26.8 B: OOM B: 4.4 B: 15.7
64 (32,32) A: 15 A: 117 A: 1.6 A: 11.6
B: 7.7 B: 50.4 B: 7.8 B: 52.5
o7 e 1o ——
—— N=24 — N=24
06
w w 0.8
2os 2
o 4
§oa 506
1] ]
Zo3 Zoa
S S
foz g
0.2
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(a) Representation error of the CP- with respect to
the corresponding dense Bernstein model, reported

as weight RMSE for different ranks.
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(b) Representation error of the TT- with respect to
the corresponding dense Bernstein model, reported

as weight RMSE for different ranks.
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Fig. 5. Compression accuracy and memory requirements of the CP- and TT-based Bernstein RDF representations for different polynomial orders and tensor ranks.
The top row reports the coefficient-tensor reconstruction error with respect to the corresponding dense Bernstein model, measured as weight RMSE. The bottom
row reports the peak GPU memory usage during inference, with the dense model included as a reference.

practical advantage of compression becomes more pronounced as the

basis size grows.

Within the operating points of Table 4, CP often remains faster than
TT. However, this should not be interpreted as a general superiority of

CP, since the table is primarily dominated by the comparison against

the dense baseline. Its main message is that both compressed for-
mats strongly outperform the dense representation at sufficiently large
polynomial orders or batch sizes, while TT mainly offers better storage
efficiency and lower peak memory, enabling larger feasible batch sizes.

A clearer CP-TT comparison is given in Table 5, where both com-
pressed welding-torch models are evaluated at N = 64, with CP rank
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(a) Original mesh.

o

(c) CP N =64, R = 128.
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'

(b) Weights N = 16.

4

(d) TT N =64, r1 =ro = 12.

Fig. 6. Visual comparison of a welding torch with different parameter configurations.

Table 5
Compact CP-TT comparison for Fig. 6 at N = 64, with CP rank R = 128 and TT
ranks (12, 12). Measured on cuda in SDF only mode under a 10.88 GiB memory
budget.

Metric

CP/TT Best

193.0/123.0 KiB
320.3/195.1 MiB
4.87/3.76
2.22M/3.39M

TT (1.57x smaller)
TT (1.64x lower)
TT (1.29x faster)
TT (1.53x more)

Runtime memory

Peak memory @ 100k
Eval. time @ 100k [ms]
Max query points

R = 128 and TT ranks r;, = r, = 12. In this setting, the large-
batch condition of Proposition 1 favors TT, since riry + 1| + r, =
168 < R §3 + %2 ~ 386. Thus, the proposition provides a useful first
criterion for rank selection. The measurements in Table 5 confirm this
prediction: TT requires less model memory, reduces peak memory at
100k queries, achieves a lower evaluation time, and supports a larger
maximum batch size under the same GPU memory budget. Therefore,
for this operating point, TT is preferable to CP, not because it is
generally faster, but because the selected ranks satisfy the break-even
condition and yield a better memory-runtime scalability trade-off.

The same advantage is visible in Fig. 6: while the dense model can-
not be evaluated at N = 64 under the considered memory constraints,
the compressed CP and TT models remain feasible at this polynomial
order, producing zero-level surfaces closer to the original mesh.

7.2. Reactive collision-avoidance validation with CP- and TT-RDF

To assess the practical applicability of the proposed framework in
reactive collision avoidance, we performed dual-arm experiments using
both TT-RDF and CP-RDF robot models, as shown in Figs. 7 and 9.
The purpose of this test is to assess whether the newly introduced
CP- and TT-based RDF representations preserve, during reactive col-
lision avoidance, the same clearance-maintaining behavior previously
demonstrated for the dense RDF formulation. To this end, we employ
the control framework introduced in [4]. Based on the approximation
results reported in Table 3, we selected configurations that provide
accurate distance reconstruction while keeping the online evaluation
cost compatible with the control-loop timing requirements. For the

10

collision-map construction, points were sampled over the surfaces of all
robot links, together with additional samples on the supporting table,
resulting in a world point cloud of approximately 1000 points queried
by each link. The RDF-based collision-avoidance computation alone re-
mained below 1 ms for all the considered representations. The complete
control-cycle time, which also includes the remaining control computa-
tions, data transfers, and GPU synchronization overheads. As discussed
in [4], the complete control framework using the dense RDF baseline
operated at approximately 400 Hz, whereas the lower evaluation cost of
the CP- and TT-based representations enabled average update rates in
the 500-750 Hz range. These values should be interpreted as measured
average rates rather than hard real-time guarantees because of GPU
timing variability.

As shown in the right Figs. 8 and 10, the activation matrix was
designed to progressively increase the contribution of the collision-
avoidance task as the distance decreases below 0.25m, reaching full
activation at 0.10m. A safety threshold 0.05m was then imposed
through the barrier function of Eq. (22).

Fig. 7 illustrates the collision-avoidance experiment executed along
the same nominal path using both the dense and TT-RDF representa-
tions. In this scenario, one Panda robot is assigned a reference trajec-
tory, while the second robot is placed in the workspace and acts as a
static obstacle. As shown in Fig. 7(a), the moving robot is initially far
from the obstacle and therefore the collision-avoidance action is inac-
tive. As the robot approaches the critical region, the repulsive action
is activated, as visible in Fig. 7(b). The corresponding gradient, shown
by the red arrow, generates a repulsive effect on the robot and starts
deforming the nominal motion. In Fig. 7(c), the robot is in the active
avoidance phase: the repulsive gradient acts on the hand/finger region
and pushes the robot upward, causing a deviation from the nominal
path in order to preserve a safe separation from the obstacle. Finally,
once the obstacle has been bypassed and the distance becomes larger
than the activation threshold, the repulsive action vanishes and the
robot resumes the original trajectory, completing the assigned motion,
as shown in Fig. 7(d).

The same behavior can be observed in Fig. 8, where the TCP plots
8(a)-8(b) show the deviation from the nominal trajectory at t = 4 s
and its subsequent recovery at t+ ~ 15 s, while the corresponding
minimum robot—obstacle distances are reported in 8(c)-8(d). Since the
two RDF representations provide slightly different approximations of
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(a) The robot is far from (b) As the robots ap- (c) The moving robot (d) Once the obstacle

the obstacle, so collision proach each other, col- deviates from the nom- is cleared, the robot

avoidance is inactive. lision avoidance is acti- inal trajectory to main- resumes and completes

vated. tain safe separation. the reference motion.

Fig. 7. Representative stages of the dual-arm collision-avoidance experiment using the dens- and TT-RDF model. One Panda robot follows the assigned trajectory,
while the other remains fixed and acts as an obstacle. As the robots approach each other, repulsive actions are activated, causing a temporary deviation from
the nominal path to maintain safe separation. The top row shows the real setup and the bottom row the corresponding schematic view with trajectories, point

clouds and repulsive gradients. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 8. Comparison between the dense-based and TT-based methods based on task execution of Fig. 7. The first column reports the TCP trajectory together with
the reference trajectory, while the second column shows the robot-link distance and the corresponding activation values used within the Task-Priority framework.

the distance field and its gradient, the resulting avoidance responses
and TCP trajectories are not identical. Nevertheless, in both cases
the minimum distance remains above the prescribed safety threshold

throughout the motion, confirming that the gradients generated by both
representations produce an effective repulsive action and preserve the
required clearance from the obstacle.
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(a) The robot is far from  (b) As the robots ap-

the obstacle, so collision proach each other, col-
avoidance is inactive. lision avoidance is acti-

vated.

(¢) The moving robot (d) Omnce the obstacle

deviates from the nom- is cleared, the robot

inal trajectory to main- resumes and completes

tain safe separation. the reference motion.

Fig. 9. Representative stages of the dual-arm collision-avoidance experiment using the CP-RDF model. One Panda robot follows the assigned trajectory, while the
other remains fixed and acts as an obstacle. As the robots approach each other, repulsive actions are activated, causing a temporary deviation from the nominal
path to maintain safe separation. The top row shows the real setup and the bottom row the corresponding schematic view with trajectories, point clouds and

repulsive gradients.
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Fig. 10. Comparison between the dense-based and CP-based methods based on task execution of Fig. 9. The left column shows the TCP evolution of the two
robots: Robot 1 tracks the desired trajectory, whereas Robot 2 maintains a fixed reference point. The right column reports the corresponding robot-distance
evolution obtained using the dense-based and CP-based formulations, respectively.
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Fig. 11. Sequence of filtering results in two scenarios. In the first four images, only the robot is present and the robot contribution is removed from the depth
map. In the last four images, a human hand touches the robot and is not removed by the filter, remaining visible in the reconstructed scene.

The same type of experiment was repeated using the CP-RDF model
and the corresponding sequence is reported in Fig. 9. Also in this case,
the left robot follows a prescribed trajectory while the second robot
is commanded to hold a position. Initially, when the two robots are
sufficiently far apart, collision avoidance is inactive for both robots,
see Fig. 9(a). As shown in Fig. 9(b), when the moving robot enters
the activation region, two repulsive gradient become active and starts
steering the robots away from their nominal motions. In Fig. 9(c), the
robot is still in the avoidance phase and, in order to maintain a safe
clearance, the repulsive action continues to deviate the first robot from
the trajectory and the second robot from its commanded position. As
shown in Fig. 9(d), the repulsive term is deactivated and the moving
robot can finish its nominal motion, reaching the final configuration.

The evolution of the dual-arm task is reported in Fig. 10. Since both
manipulators contribute to the collision-avoidance action, the devia-
tions of their TCPs from the respective reference trajectories, shown
in Figs. 8(a) and 8(b), are substantially smaller than those observed
in the previous scenario. The trajectories obtained with the dense and
CP-based formulations are nevertheless not identical, as the two link
representations yield slightly different distance and gradient estimates
and, consequently, different corrective motions. Despite these differ-
ences, the minimum inter-robot distance profiles reported in Figs. 10(c)
and 10(d) remain above the prescribed safety threshold, confirming
that both formulations preserve the required clearance throughout the
motion.

7.3. Point cloud filtering from camera data

Beyond collision avoidance, we also use the link-wise RDFs to re-
move measurements associated with the robot body from the acquired
point cloud. This configuration-dependent filtering produces a cleaner
and less cluttered representation of the scene, making external objects
and people easier to isolate and process. Fig. 11 presents the results
of the proposed RDF-based filtering pipeline on the TIAGo platform,
equipped with a head-mounted Xtion RGB-D camera. Starting from the
point cloud acquired by the sensor, the objective is to remove the robot
contribution from the observed scene while preserving the surrounding
environment. To this end, the filtering stage exploits the RDF models of
the robot links that may appear within the camera field of view, namely
the links from the fourth arm link to the wrist force/torque sensor,
the gripper body and the two fingers. Each link is modeled using a
Bernstein basis of order N = 32 and a CP decomposition of rank R = 48.
Since this configuration provides a sufficiently accurate representation
of the link geometry, the CP formulation is adopted for filtering due
to its lower computational cost in online evaluation. Robot points are
then identified as those whose signed distance to the implicit surface is
below a prescribed threshold di; e < 20 mm, introduced to account
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for sensor noise, point cloud discretization and residual approximation
errors.

Although the filtering is performed on the point cloud, the results
are presented as reconstructed depth images, since this representation
provides a clearer visual assessment of the filtering quality. For each
scenario, the figure shows the RGB image, the complete depth map, the
filtered depth map without the robot and the depth map of the removed
robot points.

The experiment was carried out on point clouds containing ap-
proximately 11,000 points per frame. The filtering task consists of
identifying the points belonging to the robot using the implicit RDF
representation of its geometry. The average processing time of the
filtering pipeline, including point cloud acquisition from the ROS topic
and generation of the filtered outputs shown in Fig. 11, is 27.3 ms per
frame. This remains below the acquisition period of the RGB-D stream
running at 30 Hz, thus enabling real-time operation.

Two representative scenarios are reported in Fig. 11. In the first
row, only the robot is visible in the scene and the method removes
the robot contribution from the sensed data, producing both a scene-
only reconstruction and a robot-only reconstruction. In the second row,
a person places a hand around the wrist area of TIAGo and the hand
is preserved in the filtered scene rather than being removed together
with the robot. These results indicate that the proposed method can
remove the robot structure while preserving a consistent point cloud
representation of external objects, even when they are in contact with
the robot surface.

8. Conclusions

This paper presented a low-rank tensor formulation of Robot Dis-
tance Fields for fast and differentiable signed-distance evaluation on
GPUs. Starting from Bernstein polynomial SDFs, CP and TT formats
were used to define low-rank link-wise RDF representations while
preserving analytical computation of both the field and its gradient.
The same formulation supports both post-hoc compression of dense
Bernstein coefficient tensors and direct fitting of low-rank factors from
sampled SDF values; the experiments focused on the latter route.

This latter aspect is particularly important in robotics, since many
collision-aware methods rely not only on distance values but also on
gradient information to define repulsive motions, trajectory corrections
and optimization directions. In this sense, the proposed compressed
RDFs are not merely compact geometric surrogates: they remain di-
rectly usable within gradient-based collision avoidance pipelines.

The results showed that tensor decomposition is beneficial for RDF
evaluation because it reduces the cost of the dense Bernstein represen-
tation and enables higher-order implicit models under realistic GPU
memory constraints. Among the two investigated decompositions, CP
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provided the strongest overall contribution in the tested settings: when
a moderate CP rank is sufficient to approximate the geometry, its sep-
arable structure leads to the best runtime and throughput. TT, instead,
provided a more limited computational benefit. Its main advantage
was observed in terms of storage, peak memory and feasible batch
size, especially for objects whose accurate CP approximation requires
a much larger rank than the TT ranks needed to obtain comparable
fidelity. Thus, TT should be regarded as a memory-scalability option
rather than as a generally faster alternative to CP.

Overall, low-rank RDFs provide an effective compromise between
accuracy, runtime, memory usage and differentiability. In this trade-off,
CP appears to be the most effective decomposition for runtime-oriented
GPU evaluation, whereas TT becomes useful in more specific regimes
where stronger compression is required to keep high-fidelity models
within the available memory budget.

A complementary direction for future work concerns the structured
modeling of the candidate query set. Adaptive sampling strategies could
additionally reduce the number of required queries by concentrating
them in regions with a higher estimated collision likelihood. Combining
adaptive query selection with SDF robot representations could there-
fore further improve the overall efficiency of collision-aware robotic
applications.

More broadly, the proposed low-rank RDF formulation could also
serve as a compact geometric component within future embodied-Al
systems and robot foundation models. In such settings, fast batched
distance and gradient evaluations could support collision filtering,
safety assessment, and local refinement of actions or trajectories gener-
ated by learned policies. The reduced memory footprint may addition-
ally facilitate the concurrent execution of large learning-based models
and geometric safety modules on shared computational hardware. In-
vestigating how robot-specific RDF representations can be integrated
with generalist and potentially multi-embodiment policies represents a
promising direction for future research.
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Appendix 9

Proof (CP Equivalency). Starting from the CP approximation wcp =
Zil (@, ®b, ®c,) and ¥(p) = @ ® @, ® ®, and using Kronecker
product and vectorization.

@R wW) (x®y®z) =)W Nw'2), @37
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R
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which proves the claimed separable evaluation form. []

Proof (TT Equivalency). Using Fubini theorem for sums, we have

Z z aiﬂa bj,a = Z Z ai,a bj,a
ij «a ij

a iy

- 2(Ze)(Zo)

39
Let the 1-D bases be {¢;} fi 61 and define the 3-D separable basis vector
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where ¢; ; ;. is the canonical basis associated to w. Then, substituting
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Appendix 10. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.robot.2026.105717.

Data availability

The source code and supplementary video have been provided as
Supplementary Material during submission. A GitHub repository is also
referenced in the manuscript. Code: https://github.com/GovoUnibo/
CP-TT-RDF; archive: https://zenodo.org/records/20041439.
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