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Abstract— Robust robotic manipulation in the real world
requires coping with incomplete or unreliable sensory in-
put. While vision provides rich information, it often fails
in the presence of occlusions, clutter, or poor lighting. In
such cases, touch offers a robust alternative, enabling object
localisation through contact alone. We present a touch-only
global localisation method that operates in continuous state
space with a particle belief. Sparse contact/no-contact signals
are turned into informative likelihoods via a proximity-aware
measurement model, and contact-aware resampling mitigates
particle starvation. An information-gathering controller selects
actions that maximise expected information gain using a non-
parametric entropy estimator sensitive to both observation
updates and dynamics. On real hardware, the system reliably
localises and then grasps from broad, multi-modal initial beliefs
with mode separations up to 0.4 m, far beyond the narrow
uncertainty ranges assumed in related work. Information-aware
localisation-actions speed up belief convergence and boost grasp
success; and ablations in simulation confirm the benefits of the
measurement and resampling components.

I. INTRODUCTION

Humans can manipulate objects using only touch, even
in the absence of vision. For robots to approach similar
capabilities in unstructured or visually-challenging environ-
ments, such as those involving occlusions, clutter, or poor
lighting, localising objects through touch alone represents
a promising alternative. This has driven the development
of algorithms that refine an object’s pose estimate through
deliberate physical interaction [1]-[3]. As an illustrative
example, consider a robot having to retrieve a keyring from
inside a bag using a multi-fingered hand. The object pose is
initially unknown, contacts are intermittent and ambiguous,
and the object may move such that exploratory interactions
can either resolve ambiguity or further increase uncertainty
in the object state. Such examples highlight the challenges
of high-dimensional contact-rich estimation problems, where
the robot often starts with little information. Estimating the
posterior over object pose in these settings is computationally
demanding: the complexity grows rapidly with both the num-
ber of degrees of freedom (DOFs) and the size of the initial
uncertainty region [4]. As a result, most prior approaches
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Fig. 1. Experimental setup of blind grasping. Left to right: initial particle
belief with uniform weights (m); information-gathering trajectory rejecting
particle hypotheses (m); converged belief after contact; successful grasp.

restrict either the problem dimensionality or the scale of

initial uncertainty. Yet, contact-rich manipulation is not only

characterized by high-dimensional state and action spaces,
but also the inherent highly non-linear contact dynamics

and the multi-modality of the system state distributions [5].

Discretising the problem space addresses the multi-modality

while enabling standard filtering and planning over finite

hypotheses [3], [6], but the curse of dimensionality limits
the respective resolution and thus fails to capture the rich
contact dynamics present in such manipulation tasks. Instead,
these tasks require a framework that plans in continuous
state space, anticipates what will be sensed and how actions
reshape uncertainty through interaction, and operates from
uninformed, non-parametric priors with broad support.
Towards this end, we address touch-based localisation with

a system that operates in continuous state spaces and actively

refines the belief distribution through contact. We propose a

particle filter with a proximity-aware measurement model to

turn sparse binary proprioceptive contact signals into infor-
mative likelihoods combined with contact-aware resampling.

An information-gathering controller predicts how actions

reshape the belief and selects trajectories that maximise

expected information gain using a non-parametric entropy
estimator that not only considers the probabilities of different
object poses but also their spatial density.

Contributions: We address continuous-space object lo-
calisation through contact from uninformed, non-parametric
beliefs, making the following contributions:

1) A touch-only global localisation system that plans and
estimates directly in continuous state space with beliefs
from uninformed, non-parametric priors, suitable for op-
eration when vision is unreliable or absent.

2) A proximity-aware measurement model for contact that
converts sparse binary signals into informative likeli-
hoods, and a contact-aware resampling strategy that miti-
gates particle starvation under discontinuous observations.

3) A sampling-based information-gathering controller that

8850



selects candidate probing actions based on a non-
parametric differential entropy estimator that captures
both observation-driven changes (weights) and dynamics-
driven changes (spatial density) in the belief.

On real hardware (cf. setup in Fig. 1) and in simulation, the
approach localises and grasps reliably under broad, multi-
modal initial non-parametric beliefs with separations up to
0.4m, far beyond the narrow uncertainty ranges (typically
up to 0.04 m) assumed in related work, highlighting the sig-
nificant benefit of continuous touch-based object localisation
when vision is unreliable or unavailable.

II. RELATED WORK

a) Object Localisation through Contact: Early work in
robot manipulation primarily relied on visual feedback, but
as we move towards more robust and dexterous manipula-
tion in unstructured environments, tactile sensing becomes
increasingly important. In this work, we focus on object
localisation through contact, where the robot must infer
object state from sparse and noisy contact signals during
physical interaction. This problem is particularly challenging
due to continuous, high-dimensional state and action spaces,
the high computational cost of physics simulation (required
to accurately model contact dynamics), and the inherently
discontinuous nature of contact sensor observations [6]. A
common approach is to plan a sequence of “move-until-
touch” actions for exploration [3], [4], [7], followed by a
goal-directed phase, such as grasping. Extensions of this
idea in belief-space control compute exploratory actions by
optimising information-theoretic costs [5], [8], or switch
between exploration and exploitation based on the belief un-
certainty [9]. More principled approaches frame the task as a
Partially-Observable Markov decision process (POMDP) [6],
[10], [11], though tractability often requires coarse state
discretisations. However, most of these methods are subject
to two major limitations: (i) belief representations and plan-
ning typically rely on discretisation, which limits resolution
and scalability; and (ii) object dynamics are often ignored
or severely simplified, assuming static objects or restricted
interaction effects. The latter is particularly problematic
in contact-rich settings, where robot actions can increase
uncertainty, e.g., by pushing or perturbing the object. Our
work addresses both limitations by planning directly in
continuous state and action spaces, and by capturing the
effect of interaction dynamics on belief evolution through
a non-parametric particle filter.

b) Informative Action Selection: A key challenge in
planning under uncertainty is to evaluate which actions are
most informative—typically by estimating their expected
information gain (IG), defined as the reduction in entropy
between belief states before and after an observation [3], [7],
[12]. In manipulation settings, the inherent multi-modality
typically requires non-parametric belief representations, such
as weighted particle sets, complicating the computation of
entropy. Prior work has largely relied on two approximations.
One approach discretises the state space and computes dis-
crete entropy, using occupancy grids or histograms where the

entropy is defined over categorical probabilities [3]. Another
approach assumes a continuous belief but approximates
differential entropy using only particle weights, e.g., [9],
[12], [13]. While weight-based measures reflect changes in
belief confidence due to observations, they neglect the spatial
distribution of particles. As a result, a belief with widely
scattered particles may be assigned the same entropy as one
with tightly clustered particles, despite reflecting fundamen-
tally different levels of uncertainty. In the context of touch,
this limitation becomes especially relevant: contact not only
yields an observation (e.g., contact/no-contact) but can also
physically alter the object’s pose. Thus, touch simultaneously
refines the belief and shifts the underlying state, making it es-
sential to account for both observation-driven and dynamics-
induced changes in the belief’s spatial structure. In contrast,
more expressive estimators of differential entropy explicitly
account for the spatial distribution of the belief. For instance,
kernel-based methods approximate the underlying density
using a smooth distribution over particle locations [14],
allowing them to capture how spread out or concentrated
the belief is in state space. However, these methods are
often computationally demanding and require careful tuning
of kernel hyperparameters, such as bandwidth [14], [15].
[16] also derive an entropy estimate specifically for par-
ticle filters via Bayes’ theorem, but this requires known
transition and observation models. An alternative class of
estimators based on k-nearest neighbours (kNN) density
estimates provides a principled and efficient way to esti-
mate differential entropy from samples, including for non-
parametric distributions [17], [18]. Extensions to weighted
particle sets make these estimators well-suited for non-
parametric belief representations used in robotics [19]. These
kNN density estimators can be regarded as a kernel estimator
with a bandwidth that adapts to local data density [20].
Thus, kNN-based differential entropy estimators directly
incorporate spatial density and have been widely adopted in
reinforcement learning as intrinsic reward signals [21]-[23].
To the best of our knowledge, our work is the first to propose
the use of such estimators for action selection in active
tactile object localisation, where belief evolution is driven by
both observations and complex interaction dynamics. This
setting presents unique challenges, as actions can increase
uncertainty, making spatial sensitivity essential for accurate
entropy estimation. For a broader overview of non-parametric
entropy estimation methods, we refer the reader to [24].

III. PROBLEM FORMULATION

This paper addresses the problem of localising a rigid
object o through sparse proprioceptive contact measurements
using probing actions that aim to maximise the estimated
expected information gain under the current belief state. We
define successful localisation as reaching a state from which
a grasp will succeed. To achieve this, the robot must perform
information-gathering actions that reduce uncertainty about
the object’s location. Let z; = (g",q°) € R(Maortndor)
describe the state of the underactuated robotic system, which
includes the pose of the object g7, and the robot configuration
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Fig. 2. Proposed pipeline for contact-rich localisation and manipulation.

q; at time step t. In this work, ¢° € SE(2) denotes
the object’s planar pose, parameterised by (z,y,6). The
robot applies control inputs w; € R™ot, which influence
the object state only indirectly through contact and interac-
tion. The system evolves according to stochastic dynamics
@111 ~ p(-|x, u) and generates stochastic measurements
z; ~ p(-|x¢), where z; represents sparse, binary contact
observations. Due to the partial observability of the system
and it’s complex dynamics, we maintain a continuous belief
over the system state, represented as a probability distribution
bi=p(@¢|wo.t—1, Z1:t, bo), which depends on the full history
of actions, measurements, and the initial belief by. Note
that we explicitly include the robot configuration in the
state because it directly governs the contact interactions
that drive the object’s stochastic dynamics, as well as the
measurements.

Given a sequence of control actions wg.;—1, We can
estimate the expected information gain IG(bg, ug.+—1) using
dynamics and measurement models, as well as a model
predicting future observations. We formulate the information
gathering problem as trajectory optimisation in belief space:

IG(bo, wo:7—1), (D

max
Uo:T—1
where 7' is the planning horizon.

The following sections outline our approach to the
information-gathering problem, with a summary illustrated in
Fig. 2. In Sec. IV, we introduce a sampling-based controller
that selects the next best action based on a spatially-aware
estimator for the expected information gain. In Sec. V, we
present our particle-based state estimator for object localisa-
tion through touch that is able to handle the discontinuous
and sparse nature of the contact measurement signal. The
overall approach is evaluated in Sec. VI in robot experiments
and ablation studies.

Notation. In the remainder of the paper, we use subscripts
for the time index and superscripts for the particle indices.

IV. INFORMATION-GATHERING CONTROLLER

We propose a sampling-based controller that generates
candidate probing trajectories and selects the one with the
highest expected information gain (IG). The idea of sampling
trajectories and ranking them by IG follows prior work in

active perception [3], but here we extend it to continuous
belief space and contact-rich dynamics.

A. Differential Entropy of a Weighted Particle Set

The differential entropy of a random, continuous variable
x following a probability distribution p(x) is defined as
Hlel =~ | pe)logp(a)iz. @
However, the definition of differential entropy does not
directly extend to finite particle sets [24]. This is due to the
fact that there is no unique way to define a probability density
function that is parameterised by N, weighted samples
{2, w'}\*,. Without considering dynamics, the particle-
based belief may be treated as a discrete probability distribu-
tion with the weights representing the probability of each par-
ticle. The corresponding weight-based entropy approxima-
tion is then given by H, [#] = — 3, w’ log(w?) [9]. While
this approximation captures information gained through ob-
servations, it does not capture the spatial density of particles,
i.e., the local distance between the states of the particles. In
contrast, kernel-based approaches approximate the underly-
ing belief distribution b with a kernel density estimate (KDE)
computed from the weighted particle set, i.e.

b(x') =p (m‘{w‘,w”}fvz”l) = sz E(xz,z), (3)

where k represents the corresponding kernel function. Fis-
cher et al. [14] show that for particle-based belief represen-
tations the integral in the differential entropy, as defined in
Eq. (2) is commonly approximated as

H[b] = — Z w'log b(x?). 4)
i=1
While this approximation accounts for the spatial density
information, it is typically computationally more demanding
and requires careful choice of kernel hyperparameters. In
this work, we choose a uniform kernel with shared support
Q estimated from local p-nearest-neighbour bounding boxes
for all particles (more details on how we compute 2 are
provided in A). As a result, the integral in Eq. (4) simplifies
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to a sum over a weight-based term and a spatially-aware
density term. This yields the entropy estimate

Hlz] = —Zwi logw® + logV(Q), 5)

where the first term reflects observation-driven weight
changes and the second captures spatial density via the
hypervolume V(). While conceptually similar to knn-
based entropy estimators [17], this formulation computes a
shared support for all particles instead of individual supports,
which is more robust to outliers and splits the entropy into
two separate terms, which renders the computation of the
expected information gain more efficient (cf. Sec. IV-B).
The only hyperparameter is p for locality, and no bandwidth
tuning is required. Further details on the derivation of the
estimator, its properties, and a discussion of its computational
complexity are provided in A.

B. Expected Information Gain

To evaluate candidate actions for information gathering,
we estimate their expected information gain (IG), i.e. the
expected reduction in belief entropy after executing a tra-
jectory and incorporating new observations. This process is
summarised in Alg. 1. The trajectory is then truncated at the
time step with maximal expected information gain.

Formally, for an initial belief by and a control sequence
ug.7_1, we define the IG as

I1G(bo, uo.r—1) = H[bo] — Ez, . [H[br]] = AHor,  (6)

where Z;.p are hypothetical measurements generated along
the trajectory. A common approach to estimating this ex-
pectation is to use the maximum likelihood (ML) state
from the belief to simulate observations [5], [25]. However,
when particle weights are uniform, such as immediately after
resampling, this biases the IG estimate incorrectly towards a
single hypothesis. Instead, we marginalise over all particles
in the belief to generate hypothetical measurements and
compute a weighted expectation of the resulting entropy.
At each time step, each particle is treated as a potential
ground truth state of the system, producing a hypothetical
observation from which all particle weights are updated. The
expected entropy is then computed as the weighted average
over all such hypotheses. Since the observations generated
along the candidate trajectory are only a guess of what
could occur upon execution, we estimate the information
gain at time step ¢ as if no observations have been made
in previous time steps. Therefore, the update of a particle
weight w{ ,; is done assuming that the previous weight w; is
equal to wg. In other words, we predict the belief states along
a candidate trajectory as b;=p(x¢|ug.t—1, 2¢,bo) instead of
bi=p(x¢|wo:t—1, 21:1, bo)-

To compute the differential entropy for a belief state b,
we use the estimator introduced above in Eq. (5), which
decomposes the entropy into two terms: a weight-based term
H, and a spatial density term Hq. Only the weight term
depends on the simulated measurements; the density term
depends solely on the particle locations after propagating

Algorithm 1: Predict Expected Information Gain

Input: Initial particles & weights {(=}, wé)}f.v:pl, controls wg.7—1
Output: Max. expected IG AH{ , at time step t*
// Precompute constants at t=0 ’
I:Iu“o — — ZfV:f’l w(i] log wé
0 < SHAREDSUPPORT <{m6}§\f:p1>; Hg o + log V(Q0)
AH , « —o0; t* 0
for ¢t < 0 to T—1 do
// Simulate particle dynamics under u+
m;,.»,_1 ~ p(~\m,’;,'u,t)
// Expected weight entropy (via Eq. (7))
E [Hw,H-l] <
EXPECTEDWEIGHTENTROPY ({a:;, Wi}, ut)
// Spatial entropy term
Qi1+ SHAREDSUPPORT({wiH}fV:Pl)
Ho 1 + log V(Q41)

// Predicted entropy reduction relative to t=0

AHg 141 + (Hw,0 — E[Hw,t41]) + (Ha,0 — Hot41)
// Keep track of max. IG and respective time step

(AR, )« max { (AT, ), (Afor1, t+1)

end
return AHg ,, t*

dynamics. Therefore we only need to marginalise the weight
term over hypothetical measurements, while the density term
can be computed directly from the predicted particles. The
expected weight entropy at time step ¢ is given by

E {ﬂwyt} =S (- @l gl | uwg, @)
j i
where 71)2] is the weight of particle ¢ at time step ¢ when
particle j is assumed to be the true state, i.e.,
piod — _Wo Plalxt)
t = ] 0
21w Pladlxy)

Consequently, we define the predicted entropy reduction
from time step ¢1 to to as:

Aﬁtl,tQ = (I:Iw,tl - E[ﬁw,t2]> + (I:IQ,tl - ﬁQ,t2> )

In our case, we always evaluate changes relative to the initial
belief at t=0, i.e., AHg ;.

®)

C. Belief-Dependent Candidate Sampling

To efficiently solve the information-gathering problem in
Eq. (1), it is important to generate candidate trajectories
(ub.;_,) that are likely to result in contact with the object.
We adopt the spline-based trajectory representation from
[26] (cf. Appendix C This representation ensures that the
trajectory is smooth and kinodynamically feasible. Generat-
ing trajectories with this representation reduces to sampling
the control points of the spline, which we refer to as via-
points. There are multiple ways to design the sampling
strategy for the via-points based on the current belief state,
but our information-gathering controller is more effective if
the sampling strategy results in a diverse set of candidate
trajectories that are likely to make contact with the object.
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In our experiments, we show an example of how this can be
achieved.

V. PARTICLE FILTER FOR CONTINUOUS OBJECT POSE
ESTIMATION THROUGH CONTACT

The effectiveness of the information-gathering controller
depends on having a reliable state estimator, particularly
given the discontinuous and sparse nature of contact mea-
surements. To estimate the belief state in the control prob-
lem of Eq.(1), we use a particle filter with IV, particles
{a', w'} 7|, where each ' is a state sample and w' € [0, 1]
is its weight, with >, w® = 1. The belief is updated by prop-
agating particles through a dynamics model and re-weighting
them based on measurement likelihoods, following standard
particle filtering [27]. Assuming known object properties, we
simulate contact dynamics using a physics engine such as
MuJoCo [28]. These dynamics are deterministic given fixed
initial conditions. Unlike prior work [9], [29], we do not
assume the object remains static during contact.

Smooth Measurement Model from Binary Contact: The
measurement model updates the belief state after applying
control u,; and observing measurement z;. We infer binary
contact (contact or no-contact) from proprioceptive torque
signals on the robot joints D). However, modeling contact as
a strict binary process, as in [3], is limiting as it does not
account for the fact that the robot might be close to the object
without actually making contact. In addition, unlike prior
work [10], [29], we do not assume that contact measurements
are perfectly discriminative. To smooth this discontinuous
signal, we introduce a proximity-based measurement model
where the probability of contact decays exponentially with
the robot-object distance. Specifically, the likelihood of con-
tact given particle pose x}, is:

Pz = 1|a:,25) = aup + (ap — aupp) exp(—y d(q:7 qf,i))a (10)

where oy, and oy, are the true/false positive contact
rates, 7y is a decay rate, and d(-) is the minimum Euclidean
distance between robot and object configurations (not limited
to the end-effector, unlike [30]). The no-contact likelihood
is 1 — P(z2, = 1|x}). This smoothing improves belief
tracking and reduces particle starvation, but adds computa-
tional overhead due to distance evaluations. As this reduces
but not eliminates the likelihood of particle starvation, we
also introduce a proximity-aware resampling strategy that
replaces low-weight particles with samples better matching
the latest observation, while using standard resampling for
no-contact cases (cf. Appendix B).

VI. EXPERIMENTS

In order to evaluate all core components of our proposed
framework, we conduct two sets of experiments. First, we
demonstrate the proposed framework in a robot setup for
object localisation and subsequent grasping through sparse
contact measurements in Sec. VI-A. Second, we conduct an
ablation study to evaluate the impact of the proposed smooth
measurement model and resampling strategy on the belief
tracking performance in Sec. VI-B.

Computation Time Distribution

—m— - -

Full Iteration

—--

Particle Filter Update

Planning }—ﬂ]—{ o 0
Robot Execution )—Dﬂ—{oo o
Grasp Success Estimation {)

0 10 20 30 40
Duration [s]

Fig. 3.  Computation times for one iteration and different sub-steps of
the algorithmic framework across experiments. Boxplots for sub-steps are
sorted from longest average duration to shortest from top to bottom. Dashed
red and solid black lines correspond to mean and median, respectively.

A. Robot Experiments

a) Setup: We use a Franka Emika robot manipulator
to localise and grasp a box in its workspace (see Fig. 1).
The binary contact measurements are computed from the
measured external torques acting on the robot joints (see D).
We show an overview of the different steps in the proposed
system consisting of the information-gathering controller and
the state estimation in Fig. 2. Given only an initial set of
particles sampled from a bi-modal Gaussian mixture distri-
bution, we repeatedly sample candidate trajectories, estimate
their information gain, execute the highest information gain
trajectory, update the particle filter belief and finally estimate
the probability of successfully grasping the box given the
updated belief (cf. D). If the estimated probability of success
is above a given threshold, the robot attempts an open-loop
grasp of the object. In order to ensure that we generate
candidate trajectories that are likely to result in contact
events, we sample the via-points such that the corresponding
trajectories poke into the object belief. More precisely, we
generate the final via-points by importance sampling particles
from the current belief. Then, for each particle, we uniformly
sample a point within the object’s volume and compute the
inverse kinematics solution such that the robot’s end-effector
reaches the sampled point. We constrain our motions to
poking due to the unreliability of the external torque mea-
surements, which makes it difficult to distinguish between
contact and no-contact when the robot pushes an object over
longer distances. For each experiment, we report the grasp
success rate (with 95% Wilson confidence intervals) and the
mean number of iterations required to achieve a successful
grasp. The number of iterations is limited to 15. We run
each experiment 30 times with random initial box poses.
More implementation details for the robot experiments can
be found in Appendix D.

b) Baselines: We compare our information-gathering
controller against two baselines: i) Uninformed baseline:
the framework described above but without an information-
gain metric to choose trajectories; and ii) Maximum contact
baseline: the framework described above, but that chooses
trajectories that maximise the number of particles contacted
in the belief state.

c¢) Results: The results, summarised in Table I, show
that the proposed method significantly outperforms both
baselines in terms of success rate and efficiency. A compila-
tion of all experiments, showcasing our approach alongside
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Fig. 4. Ablation Study of Sensor Models and Resampling Strategy. We use the following setup to compare three particle-filter variants. A circular robot
(dark green) pushes a rectangular object (pink) along a fixed straight-line trajectory (light green) in a planar quasi-static setting. The left-most panel shows
the initial particle distribution and ground-truth (GT) state; the next panel shows the GT rollout with contact events in red. To the right of the dashed line,
we compare the binary sensor model [3], our smooth sensor model, and our smooth model in combination with contact-aware resampling. The smooth
model with resampling best preserves particle diversity and while still accurately tracking the belief.

TABLE I
ROBOT EXPERIMENTS: PROPOSED APPROACH COMPARED TO BASELINES

[ Models [ Success rate 1 [ Avg. num. iterations (£ std.) | ]
Proposed 0.8 [0.63, 0.90] 9.37 £3.47
Uninformed 0.23 [0.12, 0.41] 12.53 +3.68
Max. Contact | 0.33 [0.19, 0.51] 13.77 £2.76

TABLE I

ABLATION RESULTS OF PARTICLE FILTER

MSE | Active Particles 1
Method Position | Orientation (%)
Binary 0.023 £ 0.01 0.208 £ 0.09 0.038 £+ 0.02
Smooth 0.019 £ 0.01 0.185 £ 0.10 0.077 £ 0.03
Smooth & | o 18 1 001 | 0.164 £ 0.17 | 0511 + 0.14
Resampled

the baselines, is provided in the accompanying s'. Notably,
for the given object, the margin of error in the object
localisation, allowing for a successful grasp, is very small, as
the end-effector width is slightly larger than the object width.
We also report the computation times spent on different parts
in the algorithmic pipeline across iterations of the algorithm
and experiment runs for our approach in Fig. 3.

B. Ablation Studies

We compare three particle-filter variants: (i) the binary
sensor model of [3], (i) our smooth sensor model, and
(iii) the smooth model with resampling. We evaluate their
performance in a planar, quasi-static simulation with a cir-
cular robot and a rectangular object with each run using
100 particles and a straight-line robot trajectory (see the
qualitative example in Fig. 4). We report the Mean Squared
Error (MSE) = std over 1,000 runs in position and orien-
tation computed over the top-10 weighted particles, and the
final share of active particles (AP), defined as the fraction
of particles with weights > 10~% (Table II). Relative to
the binary baseline, the smooth model yields better position
estimates, and adding resampling further improves position
accuracy. While resampling slightly worsens orientation er-
ror, it substantially increases particle diversity, consistent
with the qualitative example in Fig. 4. The share of active

Note that the AR-tag in the videos was only used to add the initial and
final ground truth object position to the Mujoco renderings in the videos.
Video available at: https://youtu.be/RJhPJi790BM

particles is highest with resampling. Note that we do not
resample at the final step to obtain a realistic estimate of
particle diversity; immediately after resampling, the share of
active particles would trivially be one.

VII. LIMITATIONS

We acknowledge several limitations and outline promising
future directions. First, the applicability of our method to
replanning is limited by the computational cost of rolling out
candidate control trajectories in a physics engine. Replacing
this with a learned contact dynamics model from real-
world data could reduce the current computational com-
plexity, while also eliminating the need for known object
properties (e.g., mass, friction), and better capturing the
inherent stochasticity of contact interactions. Second, our
current setup assumes an uncluttered scene and uses sparse
binary contact signals. Richer tactile sensing would enable
detection of lighter or more diverse objects. Future work
will consider more complex, cluttered environments and
varied object geometries. While our approach is not tied to
specific geometries, sim-to-real discrepancies may grow with
non-rigid or more complex objects. Incorporating residual
dynamics learning could enhance robustness to these chal-
lenges. Lastly, a compelling extension would be to broaden
the information-theoretic framework beyond sensing-driven
actions to include actions that actively funnel uncertainty
into smaller regions of the state space, as explored in prior
work [31]-[33].

VIII. CONCLUSION

We presented a continuous-state, touch-only localisation
framework capable of operating under high initial un-
certainty. We combine a proximity-aware contact model
with contact-aware resampling to maintain informative, non-
parametric particle beliefs during physical interaction. A
central component of our approach is the use of a k-
nearest-neighbour-based entropy estimator that accounts for
both observation-driven weight changes and interaction-
driven shifts in particle distribution. This enables effective
evaluation of candidate actions based on how they reshape
the belief through both sensing and dynamics. To the best of
our knowledge, this is the first use of knn-based estimators
for action selection in active tactile object localisation, where
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the belief evolution is fundamentally shaped by contact and
physical interaction. We validate our method in simulation
and real world, demonstrating reliable localisation and grasp-
ing under large, multi-modal uncertainty regions, far beyond
those addressed in prior work. Compared to baselines relying
on heuristic contact maximisation or weight-only entropy,
our approach yields higher success rates and more efficient
exploration. These results highlight the importance of ex-
plicitly modelling both the sensory and physical structure of
contact for information-driven manipulation.
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APPENDIX
A. Differential Entropy Estimate

To estimate the differential entropy of a particle-based
belief, we approximate the belief as a mixture of uniform
distributions, each centered at a particle 2’ with weight w’
and shared support 2 C X, a bounded region in state space
with hypervolume V (Q)= [, 1dx:

f)(w):ZwiU(w—wi,Q), (11)
where U(x,Q)) = ﬁ if x € Q, and O otherwise. We
determine the support {2 as follows: i) For each particle ¢,
fit a tight bounding box *€); to its p-nearest neighbors, ii)
compute the average bounding box P{) by averaging box
dimensions, and iii) scale it to obtain ) = ay , where d

(p-1)
is the number of dimensions. This procedure captures local
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particle density: higher densities lead to smaller V' (€2) and
lower entropy. The hyperparameter p controls the locality of
the approximation: small values capture multimodality; large
values yield global smoothing. The local uniform mixture
distribution does not admit a closed-form evaluation due to
overlaps of the uniform components. Instead, we derive an
upper bound based on the inequality log(p(x))>log(p;(x)),
where p;(x) is the probability density contribution of the i-th
component:

Hz] < —Zwi logw’ + log V. (12)
K2
This bound assumes disjoint uniform components, i.e., £2; N
Q; = 0 for i # j. Though the bound may be loose when
components overlap, it is deterministic, captures trends in
the ground-truth entropy, and is sensitive to small changes in
particle positions. For completeness, we provide an extended
derivation along with a proof that the estimator serves as
an upper bound on the differential entropy of the induced
uniform mixture distribution in the supplementary material®.

a) Computational Complexity: The main cost is com-
puting p-nearest neighbors for [V, particles, with complex-
ity O(N,Dlog(N, + p)) using a ball tree. This is more
efficient than kernel density estimation with complexity
O(NI?DS) [14].

b) Limitation: The differential entropy may diverge
to —oo if the distribution collapses in any dimension, which
corresponds to V() — 0. To mitigate this, we compute
entropy only over relevant dimensions (e.g., omitting z-
dimension if particles lie on a table).

B. Particle Filter: Resampling Strategy

Despite smoothing sparse binary contact signals with
proximity estimates, particle starvation remains challenging
in contact-rich manipulation [29], [34]. Starvation occurs
when no particles lie near the true state, often due to a
loss of diversity, which can cause filter divergence. Stan-
dard resampling methods (e.g., importance sampling [27])
help but are less effective under contact, since sampling
near the contact manifold (zero-distance configurations) is
unlikely [29]. Although contact manifolds can be explicitly
constructed, doing so is difficult in high-dimensional spaces.
We address this with a proximity-based resampling strategy.
When contact is observed, we sample M particles near
the current robot pose, evaluate them using the smooth
measurement model, and replace low-weight particles with
better-matching ones. For no-contact measurements, standard
importance sampling is used. Resampling is triggered when
particle weights drop below a threshold.

C. Spline-based Trajectory Representation

We adopt the spline-based trajectory representation
of [26], which maps a phase variable s€[0,1] and pa-
rameters @ to a reference position u(s) = Pg(s)0 +
®5(s)A, 0=01.n ., denotes N,;, via-points such that

via

’https://github.com/brudermueller/icra2026_
supplementary_material

u(s="/Nuia) =0, and A= [ug,ug,u}_,]" encode the ini-
tial set-point u(0)=wu, along with initial and final velocities.
In our experiments, velocities at the first and last time steps
are set to zero. The matrices ®Pg(s) and ®»(s) contain the
spline basis functions evaluated at s.

D. Implementation Details

a) Contact Measurement Signal: We infer contact from
the robot’s torque sensors. Yet, the Franka robot’s torque
sensors are too noisy to use directly, so we convert the signals
into a binary contact indicator. Following [35], we filter out
gravity, friction, and actuation effects, compute the norm of
the first five joint torques (excluding the last two due to
noise), and threshold the result to obtain a binary contact
signal z; € {0, 1} for the particle filter.

b) Low-level Control: We ensure moderate contact
forces throughout the robot operation via an impedance
controller on the low-level. While the control gains are higher
during the localisation phase, we reduce the gains in the
moment of grasping to allow for a more robust grasp. In
parallel, we keep track of the contact forces acting on the
robot’s end effector by projecting the torques measured in
the robot’s joints onto the end effector frame. If the contact
forces exceed a given threshold, the robot stops the current
action early and transitions to the particle filter update phase.

c) Initial Belief: The initial belief about the object pose
is represented as a set of particles, where each particle is a 6D
pose of the object. The particles are sampled from a Gaussian
mixture model with two components. For each component,
we use a standard deviation of 0p,,s=0.06 [m] for the box
position and a standard deviation of g,,;=0.5 [rad] for the
yaw orientation. All weights are set to !/~,, where N,=100
is the number of particles.

d) Estimation of the Probability of Grasp Success: The
grasp success probability is estimated using the maximum
likelihood object pose after localization. A grasp primitive
is planned for this pose and evaluated over the full weighted
particle belief. Success probability is the weighted fraction
of particles in which the grasp succeeds (i.e., the object’s
z-position is above the ground).

e) Hyperparameters: In all experiments, the threshold
on the probability of grasp success is set to 0.8. The number
of candidates sampled in each iteration of the predictive
sampling-based planner is Ngamples=20. For our hardware
experiments, this corresponded to the maximum number of
threads that could be run in parallel. The support Q for
the entropy approximation in Eq. (5) was computed using
p = 5 neighbours. We empirically found this value offers
a favourable balance between local and global density. The
parameters for the proximity-based measurement model are
ayp = 0.5, ayp = 0.1 and v = 1000. Moreover, the
maximum number of localising actions is 15. Afterwards,
the robot stops the localisation phase and transitions to
the grasping phase, regardless of the probability of grasp
success.
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