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Abstract— Accurate object pose estimation is essential for
robotic manipulation, particularly in tasks involving small or
geometrically intricate objects where high precision is required.
Existing vision, tactile, and hybrid-based approaches struggle
with occlusion, noise, and limited generalization, often requiring
extensive retraining or large annotated datasets. In this work,
we present M-VTOP, a modular framework for in-hand object
pose estimation that integrates vision, tactile, and contact
sensing in a flexible manner, allowing robustness against noisy
or missing modalities. At the core of the framework is a
belief-based particle filter that fuses heterogeneous sensor ob-
servations, maintains probabilistic estimates, and continuously
refines them toward high-precision convergence in closed-loop
robotic control with the pose estimation feedback. A mask-
based observation representation unifies visual and tactile
signals into geometry-centric inputs, enhancing robustness to
texture and lighting variations while supporting zero-shot
generalization. The framework requires only an object’s CAD
model and avoids task-specific retraining. Experiments show
that M-VTOP achieves sub-millimeter accuracy under complex
geometries, occlusions, and tight tolerances, demonstrating its
promise for high-precision robotic manipulation.

I. INTRODUCTION

Accurate object pose estimation is essential for robotic
manipulation, as it forms the basis for reliable execution of
tasks such as assembly, alignment, and insertion. In both
industrial and service robotics, the capability to precisely
perceive and localize objects directly impacts the success
of subsequent operations. This challenge is especially pro-
nounced for small or geometrically complex objects, such
as electrical connectors, where even minor pose errors can
lead to misalignment, failed insertion, or component damage.
Consequently, despite substantial progress, current methods
for object pose estimation often struggle to meet the demands
of real-world applications. Vision-based approaches [1]-[4]
are vulnerable to occlusion and resolution limits. Tactile
sensing methods [5]-[7] provide accurate local estimates but
are prone to noise and geometric ambiguities; with contact-
only information, capturing the object geometry or orienta-
tion becomes difficult. Hybrid visuo-tactile approaches [8]—
[10] mitigate some limitations but typically demand exten-
sive training, parameter tuning, and offer limited adaptability.

This paper introduces M-VTOP, a modular framework for
in-hand object pose estimation, designed to meet the strin-
gent requirements of small-object manipulation. The frame-
work integrates observations from vision, tactile, and contact
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Fig. 1: Robotic setup for precise insertion tasks. The insertion
piece (red) initially grasped by the robot in an unknown pose.
Using both vision and tactile observations, the robot must
estimate the insertion object’s position and orientation, then
align and guide it to fit snugly into the receptacle (yellow).

sensing modalities, with the flexibility to accommodate a
variable number of inputs. Such modularity enhances robust-
ness: when one modality is degraded by noise or occlusion,
others can compensate. The central component is a belief-
based particle filter that iteratively refines pose estimates
by comparing simulated and real sensor observations. This
probabilistic formulation mitigates overconfidence in unre-
liable signals, and facilitates precise convergence. Notably,
the method requires only the object’s CAD model and can
operate in a zero-shot fashion, thereby eliminating the need
for retraining or task-specific adaptation. A key innovation is
the mask-based observation representation, which integrates
visual and tactile inputs into geometry-focused signals. By
filtering out surface texture and lighting variations, this
approach enhances robustness and enables generalization.
The primary contributions of this work are as follows:

¢ A modular, multi-sensor framework for in-hand object
pose estimation that flexibly integrates heterogeneous
modalities while maintaining robustness.

o A belief-based particle filter that fuses diverse sensor
inputs, explicitly accounts for uncertainty, and achieves
sub-millimeter accuracy without retraining.

o Experimental validation under challenging conditions:
small objects, occlusions, and complex geometries.
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II. RELATED WORK

1) Vision-Based Pose Estimation: Many learning-based
approaches estimate pose directly from images through re-
gression [3], [11], [12]. In contrast, template-based methods
align observations with synthetic or CAD-derived templates
[2], [13]-[15]. More recent work incorporates foundation
models to improve feature matching [14], frequently com-
bined with iterative pose refinement to reduce rendering over-
head [1], [16]-[18]. Despite these advances, both paradigms
are typically instance-specific, requiring retraining for new
objects, and they often struggle with small objects.

2) Tactile-Based Pose Estimation: Tactile pose estimation
is often learning-based. For example, Tac2Pose [5] learns
latent tactile representations from synthetic contact data,
but such approaches typically require retraining and provide
limited resolution. Physics-based methods instead model sen-
sor deformation [7], though they are often computationally
expensive. Other approaches reconstruct contact geometries
and align them with known models [19]-[21]; however, the
local nature of tactile observations can lead to ambiguity,
particularly for large objects [22]. To mitigate aliasing, recent
work aggregates tactile observations over time [23], [24].

3) Visuo-Tactile Pose Estimation: Joint visuo-tactile
approaches leverage complementary sensing cues.
Optimization-based methods estimate pose by minimizing
energy functions [8], while learning-based techniques
reconstruct occluded regions and improve robustness [9],
[10], [25], [26]. VT2Pose [27] jointly fuses visual and tactile
features; however, its reliance on end-effector cameras limits
applicability in industrial environments that typically use
external cameras, where pose invariance is not preserved.
More broadly, many learning-based fusion methods struggle
to generalize to unseen geometries without retraining. In
contrast, our method is zero-shot, sensor-agnostic, and does
not assume fixed camera placement. It can operate flexibly
with vision only, touch only, or both modalities.

4) Contact-Based Pose Estimation: Contact signals, often
obtained from wrench measurements, have been used to
localize contact points [28] or reduce in-hand pose ambi-
guity [29], [30], but rely on highly accurate force sensing.
Integrations with external vision [31] require fixed, collision-
free poses. Our method differs by treating contact as a binary
event with a smooth signed-distance likelihood, improving
robustness to noise and compliance. Contact events also
trigger recovery and reattempt strategies, allowing updated
observations to refine pose estimates during tasks.

III. PROBLEM FORMULATION

In this work, we aim to estimate the 6D pose of a grasped
object from vision and tactile observations. Our method
assumes access to the object’s CAD model, along with
vision, tactile, and collision information. Additionally, we
assume knowledge of the sensor parameters, i.e. intrinsics
and extrinsics, as well as the environment’s geometry. Our
method is designed to accommodate an arbitrary number of
vision and tactile sensors. We denote Nt > 0 as the number
of tactile sensors and Ny > 0 as the number of vision

sensors. The objective is to estimate the object’s pose x €
SE(3) given a set of tactile observations 7 = {T;}2", and
vision observations V = {V;}1Y, where T; € Rwixheix3
and V; € Rw»ixheix3 - Additionally, we incorporate contact
information through a binary variable ¢ € {0,1}, which
indicates whether external contact is detected. We further
assume that the object is rigid and that external collisions
occur only between the grasped object and the environment.

IV. METHOD

This section presents methodology for M-VTOP that fuses
vision, touch, and contact data for robust object pose esti-
mation using a pose particle filter (PPF). Figure 2 shows
the pipeline. The object pose uncertainty is represented by
pose particles X = {x(™) | x(™ ¢ SE(3),n = 1,...,N}.
Observations are aggregated via a model that scores vision
and tactile data using a render-and-compare strategy over
segmented object masks generated by foundation models.

The subsections detail each step: Section IV-A covers
mask generation; Section I'V-B describes visuo-tactile match-
ing; Section ['V-C explains the PPF for pose belief estimation;
and Section I'V-D presents the motion model for updating the
pose under robot actions and interaction uncertainty.

A. Visuo-Tactile Masking

The Visuo-Tactile Masking module identifies object pixels
from each sensor observation, enabling grasped object seg-
mentation for posterior pose estimation. Given a set of tactile
observations 7 = {T;}", and vision observations V =
{Vi}Xv,, the module estimates the grasped object’s masks
for each of the sensor observations, i.e., My = {Mrp;}N7
and My = {My;}Y. In our approach, tactile observa-
tions are treated as RGB images. We introduce a plug-and-
play, backend-agnostic module that uses zero-shot foundation
models for generalization and supervised models for higher
precision when task-specific annotations are available. The
downstream pipeline is unchanged regardless of backend.
Similar to [32], the module produces candidate masks (zero-
shot) or a single mask (supervised). We integrate visual
and tactile observations to enforce cross-modal consistency,
improving robustness against partial or inaccurate masks.

Algorithm 1 outlines our approach for mask extraction for
zero-shot backends. For each tactile and vision observation
T; and V;, under zero-shot settings, we obtain the mask
proposals ./\;lcm and MV,i- We collect all mask proposals
as Mp = Uf\fl /\;lTJ and My = Ufivl ./\;lvi Since candi-
dates may include extraneous scene elements or incomplete
object masks, we select masks by leveraging object geometry
and sensor information. To achieve this, we compare the
generated mask proposals against rendered reference masks
from a coarse set of object poses. Specifically, we uniformly
sample pose candidates X and render the reference masks
MT,n and Mv’n for each x,, € X. We then compute a
matching score s, by measuring Intersection over Union
(IoU) between the rendered references and the mask pro-
posals as defined in Algorithm 2 and illustrated in Fig. 3.
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Fig. 3: Zero-shot Visuo-tactile masking. Zero-shot backend (SAM2/Mobile-SAM) generates mask proposals for vision and
tactile observations that are matched with CAD-rendered masks via IoU; scores are aggregated to select the best masks.

For each pose, we select the best-fitting masks per observa-
tion and sum their IoUs to obtain the pose score. These scores
are aggregated across the sensor modalities to compute a
pose-wise score. Finally, we select the optimal pose =*
with the highest aggregated score s*. We then take the
corresponding masks Mp and My, for that pose, ensuring
consistency across both modalities.

While this method ensures accurate segmentation without
requiring object pose priors, it is computationally demanding.
For efficiency, we introduce an alternative strategy when
pose uncertainty is low (i.e., when particle convergence is
achieved). Instead of generating and comparing multiple
mask candidates, promptable zero-shot backends will switch
to query-point prompts using the object CAD model to
reduce computational overhead. We also find that zero-shot
backends often struggle with tactile observations of objects
that contain fine details. To address this, we refine the
tactile masks using depth information, removing undeformed

(contact-free) regions prior to binarization.

B. Visuo-Tactile Matching

The visuo-tactile matching module assigns a score s(™)
to each pose proposal (™, quantifying its alignment with
the observed tactile masks M and vision masks My . We
compute the score as a weighted sum of IoUs between
observed masks and simulated masks Mgfb ) and MY,
which correspond to the expected observations for pose (™):

(n) — €
5 N @ (1)
Zn:l er
Nr Ny
Sn = Z% IoU MTz,M(n)) T lej IoU(MVJ,M‘(/"j))
1=1 j=1

2
where 7 is the temperature factor and 7; and v; are
importance weights such that 0 < ~;,v; < 1, > .79 +
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Algorithm 1: Visuo-Tactile Masking
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Data: 7, Vi
Result: M1, My,
./\;IT — (b;
MV — @;
X < InitPoseCandidates();
> Obtain mask proposals;

for T; € T do

/\;lTﬂ- <+ GenerateMaskProposals(7;);
L MT — ./\;lT + <./\;sz>,
for V; €V do

./\;lvﬂ» + GenerateMaskProposals(V;);
L MV — ./\;lv + <./\;lv,i>;

for x,, € X do
./\;lT,n, ./\}lv,n + Render(x,,);
S Mip, M,
MaskSimilarity (Mo ,,, My, Mg, My );
if s,, > s* then
My M},
My M’{/,

§* < Sy

> Score and select mask proposals s* < 0;

Algorithm 2: Score Best Masks
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Data: My, My, Mr, My
Result: s, M%., M3,

5+ 0;

M+ 0;

M, 0

> Score tactile mask proposals

for MT S MT do
sp <05
for MT S /\;lT do
54 IoU(JVIT7MT);
if s; > s7 then
L M Mrp;
S 4 Si;
54 54 sp;
| Mg M+ (M)
> Score vision mask proposals;
for Mv S MV do
sy + 05
for MV S ./\;lv do
S; IOU(M\/, Mv);
if s; > s}, then
L N < Ny
Sy 4 Sis
54 54873
| M = M+ (M)

> ;v; = 1. In our experiments, we equally weight the

different sensor modalities by setting v; = NLT and v; = ﬁ

The synthetic mask observations Mg? ) and /\;131 ) are
obtained by rendering the expected tactile and vision ob-
servations for a given pose x(™) using their respective
camera models. For this work, we employ pyrender [33]
to synthesize realistic sensor measurements. To improve
mask accuracy, we explicitly include robot and environment
geometry so that occlusions are rendered correctly.

Algorithm 3: Pose Particle Filter
Data: Xk—la 776, Vk, Ck, Uk
Result: X, = {x\",... . x™}, x{" ¢ SE(3)
1 if X),_1 = () then
2 | A X
3 else
4 L X,; + MotionModel(X),_1, uk, ck) ;
5 X« 0
6 for x,(cn) € X, do
| p(, Talx plerlx™);
8 2\?<—X7+<X,(€n),w,(cn));

9 X} = ImportanceResample(X);

C. Pose Farticle Filter

Our goal is to estimate the probabilistic belief of an
object’s pose across a sequence of observations and robot
motions. Using a particle filter, we integrate vision, tactile,
and contact data over time while maintaining a distribution
over possible poses (see Algorithm 3). Given these observa-
tions and motions, the pose belief is expressed as:

bel(zy) = p(xx Vi, Ti:ks Crik, U1:k) 3)
We approximate this distribution with a set of particles:

N
PXEVick, Triks Croy uan) & Y wMsxM) @)

n=1

Assuming independence between visuo-tactile and contact
observations, the posterior belief can be decomposed as:

p(Xle:k,Tl:kaCl:k) = WP(V7T|Xk)p(C|Xk> (5)

This yields particle weights of the form:

w™ = p(Ve, Ta ™ )p(ex |x{™) ©6)

Each weight comprises two independent terms: a visuo-
tactile likelihood and a contact likelihood. The visuo-tactile
likelihood is taken directly from the matching score between
observed and rendered masks for pose

PV, TlxM) = s (7

When we observe contact between connector and the re-
ceptacle, we update the pose particles using a soft likelihood
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Fig. 4: Simulation Method Benchmark: We compare M-VTOP (ours, blue) with ablations M-VOP (vision-only, orange)
and M-TOP (tactile-only, green), plus baselines Tac2Pose (tactile-only, red) and Chsel (vision + touch, purple). Y-axis:
log-scale pose error (mean bounding-box distance to ground truth). X-axis: object type. Each object is tested on 100 poses.

based on signed distance between the pose particles and the
receptacle in the simulator:

(@) = o =22, ®)
(n)
n n 7T(:L‘ )7 Cr = 13
plex | >)=z£’={ ¢ )
1, Cr = 0.

Here, ¢(x) is the signed distance between the object at
pose x and the environment (¢ > 0 means contact-free),
o(+) is the logistic, and o4, T are tunable softness and margin
parameters. Signed distances are computed with FCL [34].

A hard gate (e.g., |¢| < €) collapses particle weights
near a zero-measure contact manifold and is brittle to noise,
compliance, and minor model errors. The soft mapping ¢+
7 preserves probability mass around contact, reduces weight
variance, and prevents particle depletion while retaining the
same downstream update w!™ oc s\ ("),

Finally, given particles representing the pose belief X}, we
compute the pose estimate Ty as a weighted average:

N
X = Z wix|
n=1

This estimate supports downstream tasks such as insertion
or in-hand pose correction.

Algorithm 4: Motion Model
Data: X1, u, cg
Result: X

1 Xy @;

2 for xgi)l € Xp_1 do

3 if ¢, = 1 then

4 | on ot

5 else

6 L o, — ok

7 | x\™  H(ug)xp—1 + N(0,0,):
8 X — X + (x,&")>;

D. Robot Motion Model

Our framework updates pose uncertainty during robot
motions uy, accounting for potential relative movements due
to contact or robot interactions. This is especially relevant
in constrained environments, such as lowering an object to
complete an insertion. The process for applying robot motion
and updating pose particles is outlined in Algorithm 4.

Given a motion wuy, each particle is transformed as if
rigidly attached to the end-effector via the homogeneous
transform H (uy). To account for possible relative displace-
ments, we add Gaussian noise with different variances de-
pending on whether the robot experiences external collision
(c, = 1) or remains collision-free (c; = 0). This approach
assumes that the object remains relatively stable in the
grasp when no external contact is detected but is more
likely to shift upon environmental interaction. To capture
this variability, we introduce two parameters, o/ and o”,
which regulate the uncertainty introduced in the motion
update. These parameters can be adjusted based on external
constraints, such as whether the object is attached to a cable,
making it more prone to slipping or shifting within the grasp.

V. EXPERIMENTS AND RESULTS

We evaluate our framework on autonomous assembly with
diverse industrial insertion tasks using novel objects, in both
simulation and real-world trials.

A. Sensor Modality Ablation

We compare our proposed method against several abla-
tions and baseline approaches. Specifically, we evaluate:

o Ablations: Vision-only and Tactile-only configurations.
o Baselines: Tauc2Pose (tactile), and Chsel (visuo-tactile).

We assess performance on five different objects with
varying sizes and geometries (Figure 5). For each object, we
render 100 different poses. The results are shown in Figure 4.
Our method consistently outperforms all baselines and abla-
tions, achieving sub-millimeter accuracy and demonstrating
the effectiveness of combining vision and touch for robust
shape and pose estimation. Notably, for objects like the

17868



TABLE I: Success rate (%) of insertion across modalities with the proposed framework.

Masking Backbone Cube Shaft Peg PLUG Adapter CONN1 CONN2 Avg.

M-VOP SAM2 100 33 100 67 100 80
MaskRCNN 100 100 100 100 67 93

M-TOP SAM2 100 0 33 33 33 40
MaskRCNN 67 100 0 67 33 53

M-VTOP SAM2 100 100 100 100 67 93
MaskRCNN 100 100 100 100 100 100

Fig. 5: Objects (top) and matching receptacles (bottom) used
in the insertion experiments; each column is a pair. Left to
right: Wooden Cube (25 mm) with receptacle; Shaft Peg
(8 x 12 mm) with slot receptacle; Power Plug Adapter
(NEMA 1-15P) with plug receptacle (NEMA 1-15R); 6-
pin rectangular connector housing CONN1 (3.81 mm pitch)
with vertical header (3.81 mm); 6-pin mini connector housing
CONN?2 (4.14 mm pitch) with vertical header (4.14 mm).

Shaft Peg, the tactile-only ablation suffers significantly due to
partial observations and tactile geometric aliasing. Tac2Pose
observations also suffer from this effect, but it is trained
to minimize the predicted error which results into better
predictions on average. Integrating vision resolves these is-
sues by providing complementary information. Additionally,
we observe that Chsel, which operates on point clouds, is
affected by noisy depth estimations. To simulate real-world
conditions, we introduce small depth noise during evaluation.

B. Real-World Experiments

In this section, we describe the real-world experiments
conducted to validate our methodology, in which we focus
to assess the generalization, modality ablation, spatial in-
variance, and robustness of our approach. The experimental
setup is illustrated in Fig. 1. A MELFA Assista manipulator
equipped with a Schunk WSG-50 parallel-jaw gripper serves
as the primary platform. Two Intel RealSense cameras are
mounted to capture front and side views of the workspace.
To enable tactile sensing, a pair of GelSight Mini sensors
are embedded in the gripper with their sensing surfaces
aligned to the inner contact faces, providing per-finger tactile
feedback from grasped objects.

Tactile depth is reconstructed from the RGB images of
each GelSight sensor. Object contact deforms the elastomer,
altering light transport through refraction and reflection, and
thereby encoding surface geometry in color variations. A
dense, high-resolution depth map is recovered by relating
these appearance changes to surface normals and heights us-
ing stereophotometry combined with a deep neural network

trained on large-scale contact geometry data.

Insertion objects are held in the robot’s grasp, while their
corresponding receptacles featuring mating geometries are
securely mounted on an electrical board to emulate industrial
fixturing. Five distinct component types are used (Fig. 5),
spanning a range of sizes, functions, pin counts, and visual
appearances, thereby offering a diverse evaluation set. The
overall task requires perceiving, transporting, and inserting
objects into their designated receptacles. The insertion pro-
cess demands sub-millimeter precision.

The proposed approach performs object pose estimation
and continuously refines the estimates in closed-loop control,
to guide, align, and insert the object into its receptacle
with high precision. To evaluate modularity, the method
was tested under three sensing modalities: vision-only ob-
servations (M-VOP), tactile-only observations (M-TOP), and
combined visuo-tactile observations (M-VTOP). For each
component and modality, experiments were repeated across
three different grasp poses that varied the in-hand translation
and orientation of the object (Fig. 6, Left). In addition, two
separate masking backends were evaluated for each modality,
further testing the robustness and generality of the approach.

Table I presents the average successful insertion rates for
the five test objects shown in Fig. 5, comparing the combined
and independent sensing modalities.

We evaluate the effectiveness of the pose estimation
method for object insertion by analyzing translational and ro-
tational errors relative to ground truth. In addition to insertion
success rate, we measure these errors at the final timestep,
with the ground-truth pose defined as the object’s nominal
in-receptacle configuration. Figs. 7 present per-object box
plots comparing the zero-shot segmentation backend with
the supervised baseline. Across objects, our method achieves
sub-millimeter translational and sub-degree rotational accu-
racy under both segmentation settings while running at a
frequency of 0.4 Hz for the whole system, satisfying the
demands of high-precision insertion. Experiments further
demonstrate a strong correlation between lower pose error
and higher success rates, highlighting the importance of
accurate object pose estimation for reliable robotic insertion.

VI. DISCUSSION

Beyond the challenges described above, robotic manipula-
tion in unstructured, geometrically complex environments ex-
poses the limitations of zero-shot perception models trained
on broad, out-of-domain datasets. In our system, the zero-
shot segmentation backend occasionally produces erroneous
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Fig. 6: Left: Figure shows the grasp variations used in the experimental setup for in-hand pose estimation and insertion,
demonstrated for CONN1 and CONN2. Right: Figure shows a sample of good and bad cases for masking (top-row) and
matching (bottom-row) with the zero-shot backend, for the objects CONN2, Cube, and Shaft Peg, where predicted masks in
blue and rendered mask are shown in yellow. Green border: successful matching; Red border: partial or incorrect matching.
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Fig. 7: Log-scale translation (left) and rotation (right) errors per object for M-VTOP with different masking backbones.

masks, for example, under-segmentation of the target caused
by variations in geometry, texture, or illumination. These
errors can lead to poor alignment with the rendered mask
(Fig. 6, Right). Nevertheless, the pipeline remains robust:
its modular design and particle-filter estimator prevent in-
consistent measurements from heavily influencing the final
estimate, so failures from a single sensor rarely cause catas-
trophic performance degradation. As a result, even with a
zero-shot backend, our method achieves insertion success
rates and translation/rotation errors that are competitive with
a supervised baseline (Mask R-CNN trained on in-domain,
human-labeled data), as shown in Table I and Fig. 7.

In our experiments, we use a high-resolution tactile sen-
sor (GelSight Mini). In principle, however, our framework
could also operate with lower-resolution tactile sensors. The
primary limitation would be reduced pose precision, since
finer geometric details and small misalignments may not be
reliably captured by the measurement model, particularly in
tasks that require tight translational and angular tolerances.
Nevertheless, for applications with less stringent accuracy
requirements or objects with larger geometric features, lower-
resolution sensors may offer an attractive trade-off among
cost, robustness, and computational efficiency.

Beyond sensing resolution, the intrinsic difficulty of the
manipulation task also varies significantly across objects.
Electrical connectors present the greatest challenge: success-
ful insertion requires tight translational and angular toler-
ances, and even small yaw or roll errors can induce pin-

socket misalignment. Attached cables further complicate the
task by applying torque that biases the grasp pose and by in-
troducing occlusions. The peg object color and surface finish
closely matched those of the gripper, resulting in low visual
contrast and frequent segmentation failures. Finally, although
we incorporate a contact-based cue, its contribution to the
final accuracy is limited for sub-millimeter requirements. By
the time contact occurs, the particle set has typically already
converged to a narrow hypothesis, so soft-threshold scores
derived from a binary contact signal provide little additional
information to significantly shift the posterior.

In addition to task-specific challenges, our framework
relies on several modeling assumptions that may affect its
ability to generalize. We assume rigid-body objects, and the
motion model implicitly assumes that the object does not
deviate significantly from the grasp point as a result of robot
motion. When these assumptions are violated, larger-than-
expected relative displacements may occur. In principle, the
framework can accommodate such scenarios by increasing
the motion deviation parameter o,, allowing the particle
filter to account for greater motion uncertainty. However, this
adjustment may lead to slower convergence and potentially
reduced estimation accuracy.

Finally, the computational complexity of our pipeline is
primarily driven by the particle filter and the mask-scoring
procedure. For each particle, we render the predicted object
pose and compute its similarity with tactile and vision mask
proposals. This results in a complexity that scales linearly

17870



with the number of particles and quadratically with the
number of mask proposals per modality. In practice, however,
the number of mask proposals is relatively small compared to
the number of particles, so the overall runtime is effectively
linear in the number of particles.

VII. CONCLUSION

We introduced M-VTOP, a modular framework for 6D
object pose estimation that fuses vision, tactile, and con-
tact sensing to support high-precision robotic manipulation.
Using a pose particle filter to integrate multimodal observa-
tions, our method achieves zero-shot adaptation to unseen
object geometries without requiring task-specific training.
The framework is flexible and supports different sensor com-
binations, including externally mounted cameras and tactile
sensors, enabling deployment across a wide range of robotic
setups. Our evaluations on fine manipulation task, such as
insertion, demonstrates both the robustness and generality
of the approach. Future work may extend the approach
to unstructured environments, incorporate additional sensing
modalities, and support more diverse manipulation tasks.
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