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Abstract— Robust robot grasping of a priori unknown ob-
jects remains challenging when the object is only partially
observed. While single-view shape completion methods infer
missing geometry, their predictions often contain high uncer-
tainty that leads to grasp failures. Active perception solves
this by gathering new targeted information. This extended
abstract synthesizes progress using a visuo-tactile framework
across three progressive methodologies—Act-VH, VISHAC, and
ShapeGrasp. We outline the transition from uncertainty-driven
haptic poking to a closed-loop ’grasp-and-complete” pipeline,
demonstrating how physical interaction and grasp attempts can
seamlessly serve as active perception queries to refine implicit
shape models and achieve state-of-the-art manipulation success.

I. INTRODUCTION

A core challenge in unstructured robotic manipulation is
acquiring complete and accurate 3D object models from
partial visual data. Due to self-occlusions, sensor noise, or
adversarial object materials, visual-only reconstructions pos-
sess high uncertainty, which negatively impacts downstream
tasks such as grasping. Active perception as defined by
Ruzena Bajcsy [1] overcomes these limitations by deliber-
ately interacting with and exploring the environment—in our
case poking or grasping the object to extend the surface for
which the model is accurate.

This contribution presents the evolution of our visuo-
tactile shape completion pipeline (estimation of the whole
shape of an object from partial information). We detail
the progression from Act-VH [2], which uses a dedicated
3D printed finger to sample uncertain regions, through
VISHAC [3], which improves efficiency using a gripper
and free space constraints, and finally to ShapeGrasp [4],
which elegantly merges exploration and manipulation by
extracting tactile and volumetric constraints directly from
grasping attempts.

II. RELATED WORK

Visual Shape Completion. Even though visual-only shape
completion is an intuitive solution to the problem, it is often
static and lacks the advantages of active perception. The
field evolved from using a database of objects [5], primi-
tives [6] or symmetry assumptions [7] to more generalizable
methods using Machine Learning (ML). The literature often
uses voxel-based reconstructions [8], [9], Signed Distance
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Function (SDF) [10], [11], [12], and Transformers-based
networks [13], [14], [15].

Tactile Shape Completion. Tactile approaches are, on
the other hand, almost implicitly active, as random tactile
exploration would be unfeasible in the real world. The
literature often uses Gaussian Processes (GP) [16] to guide
the haptic exploration [17], [18], [19]. Having an object
modeled using the Gaussian distribution automatically adds
the option to infer the uncertainty of each point. An improved
GP formulation was used by Bonzini et al. to autonomously
discover symmetries that help with exploration [20].

Visuo-Tactile Shape Completion. The combination of
visual and tactile input is the closest to how humans approach
active perception. An initial information is obtained using
vision, and the model (belief) is updated using touch. There
are approaches using Gaussian Processs (GPs) [21], [22],
[23], [24], Convolutional Neural Networks (CNNs) [25], [26]
or other deep learning methods for higher resolution [27],
[28]. Our works [2], [3], [4] also belong here.

III. IMPLICIT VISUO-TACTILE REPRESENTATION

All of our frameworks share the core representation of the
object O as an implicit surface defined as

O={xeR’| f(x;0,2) =0}, (1)

where f is a shape completion network with parameters 6
and z is the latent vector optimized using the points x of the
current point cloud X. The function f is based on the work
of Gropp et al. [12] and is represented by an Multi-Layer
Perceptron (MLP) that learns an SDF, i.e., learns how to
estimate the signed distance of each point from an underlying
surface. The input point cloud is created using the fusion of
multiple senses. The given input is different for each of the
works we present, but can be any of the following:

« Visual Points: Camera point cloud.

o Tactile Points: Points extracted from tactile exploration
actions—either poking or grasping.

« Free Space: Space that must be empty in object-centric
representation—either space explored by the robot or
space where the body of a gripper is located.

IV. EVOLUTION OF ACTIVE PERCEPTION STRATEGIES

We progressively changed the type of active exploration
used in our pipelines. We started with a dedicated poking
finger attached to a robotic manipulator, continued with using
a closed gripper as a poking device, and ended with a closed-
loop grasp-and-complete approach.
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Fig. 1. General schema of the pipeline. An initial point cloud is obtained
and used for shape completion. An exploration action (poking or grasping)
is performed. Tactile data are captured and current pose (not in Act-VH)
is computed. The operation repeats until end condition—maximum steps or
successful grasp.

A. Exploration by Poking (Act-VH & VISHAC)

We started with a thought: “If humans are not sure about
something using only vision, they go and explore it with
their fingers.” In the initial work, Act-VH [2], we took it
literally and put a finger on a robotic manipulator (see Fig. 1).
We also wanted to explore the most uncertain areas. The
first uncertainty measure was rather empirical. The shape
completion is iterative, and we observed that in the later
iterations some parts are almost not changing, and some are
changing every iteration. We thus assumed that the points
that have high variance between iterations are uncertain from
the point of view of the network.

The second work, VISHAC [3], addressed the limitations
of the previous pipeline. We removed the additional finger
and used closed jaws of a gripper as the poking device. Then,
we employed a more mathematically grounded uncertainty
metric. Takashi [29] proved that f(x) that meets the condi-
tion of the Eikonal Equation ||Vxf(x)|| = 1 on a Riemann
manifold M is an SDF to a hypersurface M. We used this
fact to utilize the loss (||[Vxf(x;0,2)|| — 1)? as a measure
of uncertainty for each point x. In addition, VISHAC solved
other minor issues, such as pose estimation so that objects
can move freely on a table, reduced the time needed for
a touch by 50%, and added the option of having multiple
objects on a table at the same time.

B. Exploration by Grasping (ShapeGrasp)

However, humans usually do not poke objects to infer their
properties. More often we just look and attempt to grasp. We
tackled this in our last work, ShapeGrasp [4]. The pipeline
removes the distinction between exploration and execution.
Instead of dedicated poking, the system attempts a full grasp
based on the initial visual completion. The grasp is planned

using a rigid-body physics simulation that evaluates vertical
slippage, rotation slippage, and contact maintenance.

If the real-world grasp attempt fails, the failure serves as
an informative active perception query. The tactile sensors
provide evidence of the true surface, while the gripper’s
body provides dense free space constraints—the space where
the gripper is in the real world must be empty in the
implicit surface definition of the object. The object’s pose is
estimated, the new constraints are fused, the implicit shape
is refined, and a new grasp is generated.

V. EXPERIMENTAL HIGHLIGHTS

The methodologies were extensively evaluated in simula-
tion and on real-world robotic setups, including a Kinova
Gen3 arm with a Robotiq 2F-85 gripper and a KUKA
LBR iiwa with a Barrett Hand. The general schema of
operation can be seen in Fig. 1. The results for VISHAC
and ShapeGrasp are shown in Tab. L.

o Shape Completion Quality: Adding active tactile feed-
back significantly improves geometric accuracy over
visual-only baselines. In Act-VH and VISHAC, the
touches consistently improve the comparison metrics—
Jaccard similarity (JS) and Chamfer distance (CD). In
ShapeGrasp, just getting the information as a byproduct
of grasping improves the metrics as well.

o Grasp Success Rate (GSR): Act-VH demonstrated
that 5 uncertainty-driven exploratory touches increased
grasp success from 38% to 80% using a real-world
two-finger gripper. VISHAC improved the GSR up to
85% after 10 touches (while requiring a similar time).
ShapeGrasp further elevated these results by achieving
an overall success rate of 91% with the two-finger grip-
per and 84% with the three-finger gripper. By coupling
exploration directly with grasping, ShapeGrasp drasti-
cally reduced the time required to achieve a successful
grasp compared to the hundreds of seconds required for
dedicated haptic exploration.

TABLE 1
COMPARISON OF VISHAC AND SHAPEGRASP USING THE SAME OBJECT
SET. THE VALUES ARE COMPUTED OVER 3 REPETITIONS FOR VISHAC
AND 10 REPETITIONS FOR SHAPEGRASP.

VISHAC (3] ShapeGrasp [4]
5 touches 10 touches
IS (%) 1 60.07 +4.50 63.17 £5.91 58.14 +6.61
CD (mm) | | 18.65+3.64 17.35+£3.91 18.64 + 2.21
GSR (%) T 82 85 91

VI. CONCLUSION

The trajectory from Act-VH to ShapeGrasp underscores
a powerful paradigm for the active perception community:
action and perception are most effective when deeply in-
tertwined. By exploiting physical grasp attempts as active
sensory queries, robots can dynamically refine their internal
geometric models while actively pursuing manipulation ob-
jectives. This unified visuo-tactile framework demonstrates a
robust and scalable path toward the autonomous manipula-
tion of unknown objects in unstructured environments.
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