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Abstract— Contact-rich manipulation requires reliable es-
timation of extrinsic contacts—the interactions between a
grasped object and its environment—which provide essential
contextual information for planning, control, and policy learn-
ing. However, existing approaches often rely on restrictive
assumptions, such as predefined contact types, fixed grasp con-
figurations, or camera calibration, that hinder generalization to
novel objects and deployment in unstructured environments. In
this paper, we present UNIC, a unified multimodal framework
for extrinsic contact estimation that operates without any prior
knowledge or camera calibration. UNIC directly encodes visual
observations in the camera frame and integrates them with
proprioceptive and tactile modalities in a fully data-driven
manner. It introduces a unified contact representation based on
scene affordance maps that captures diverse contact formations
and employs a multimodal fusion mechanism with random
masking, enabling robust multimodal representation learning.

Extensive experiments demonstrate that UNIC performs
reliably. It achieves a 9.6 mm average Chamfer distance error
on unseen contact locations, performs well on unseen objects, re-
mains robust under missing modalities, and adapts to dynamic
camera viewpoints. These results establish extrinsic contact
estimation as a practical and versatile capability for contact-rich
manipulation. The overview and hardware experiment videos
are here.

I. INTRODUCTION

Extrinsic contact [1] refers to contact events involving
external objects and the environment, beyond the robot’s own
body. Estimating extrinsic contact is particularly challenging
[2], as it requires reasoning about interactions that are
often indirect, involve multiple objects, and occur under
uncertain geometry or dynamics. Nevertheless, extrinsic con-
tact estimation is essential for enhancing robotic dexterity,
as it enables robots to perceive and reason about diverse
interactions with the environment. From tool use [3], [4]
and non-prehensile manipulation [5] to precise environment
interactions [6], reliable extrinsic contact estimation supports
robust performance while ensuring safety and stability in
diverse, unstructured settings.

Recent research has investigated tactile-based and multi-
modal approaches for extrinsic contact estimation. However,
these methods often depend on strong priors or restrictive
assumptions, such as predefined contact types [1], [7], [8],
initial contact conditions [9], fixed grasps without slip [10],
object geometries [11], camera calibration [11], [8], or fixed
camera placement [12]. These constraints limit their practi-
cality in real-world scenarios, hinder the development of a
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Fig. 1: UNIC leverages multimodal inputs to estimate a unified contact
affordance map that captures diverse forms of extrinsic contact, includ-
ing complex interaction chains such as gripper—object—object—environment.
Throughout this process, UNIC does not rely on prior knowledge or
camera calibration. At deployment, it remains effective even under missing
modalities, adapts to dynamic camera viewpoints, and generalizes well to
unseen objects. The overview and hardware experiment videos are here.

unified framework, and restrict deployment in diverse, un-
structured environments. Moreover, these limitations dimin-
ish the feasibility of leveraging extrinsic contact estimation
as a general-purpose capability for downstream applications,
such as integrating contact estimation with policy learning.

In this paper, we present UNIC, a unified framework for
extrinsic contact estimation, as shown in Fig. 1. The main
contributions of this work are as follows:

1. Prior-free framework: We present a unified framework
for extrinsic contact estimation that requires neither prior
knowledge nor camera calibration. Visual observations are
encoded directly in the camera frame and fused with proprio-
ceptive and tactile inputs in a fully data-driven manner. This
design supports flexible deployment under varying camera
viewpoints and generalizes effectively to diverse scenarios,
including previously unseen objects.

2. Unified contact representation: We introduce a uni-
fied contact representation based on scene affordance maps,
which captures transitions from no-contact to contact states
and accommodates diverse contact types, including point,
line, and patch. Moreover, this representation explicitly mod-
els complex contact chains, extending beyond grasped ob-
ject—environment interactions to encompass contacts among
multiple objects in the scene.

3. Unified multimodal fusion: We propose a unified
multimodal fusion mechanism that randomly masks feature
tokens during training, encouraging the model to learn ro-
bust cross-modal representations. Consequently, UNIC can
deliver reliable estimation even when one or more modalities
are missing at deployment, thereby greatly improving the
flexibility and practicality of real-world deployment.
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II. RELATED WORK

In this section, we review prior work on extrinsic contact
estimation, which can be broadly categorized into model-
based and model-free methods.

Model-based methods rely heavily on underlying physical
models [1], [4], [13], [8], [3], [14]. These approaches collect
data during manipulation and apply optimization techniques
subject to physical constraints to infer unobservable contacts.
For example, [4] employs nonlinear optimization with tactile
sensing to estimate slip during tool manipulation, while [3]
leverages factor graphs with tactile input to estimate contacts.

Model-free methods [10], [12], [11], [7], [15], [16] directly
map multimodal sensory inputs to contact states using neural
networks. For instance, [11] trains a vision—tactile estimator
in simulation and validates it in real settings, and [16] infers
contact solely from joint torques and positions.

While these approaches have demonstrated promising
results, they often depend on strong priors or restrictive
assumptions that limit their practical deployment. Examples
include predefined contact types [1], [7], [8], assumptions
on initial contact conditions [9], fixed grasp configurations
without slip [10], access to precise object geometries [11],
strict camera calibration [11], [8], or fixed viewpoints [12].

In contrast, our work introduces a unified, prior-free
framework for extrinsic contact estimation that is robust,
deployable, and generalizable across diverse settings.

A related direction bypasses explicit contact estimation
by learning end-to-end policies that map multimodal inputs
directly to actions [17], [18], [19], [20], [21], [22]. While
effective, these policies lack interpretability. In addition, they
are task-specific, and require retraining for new tasks. In
contrast, our task-agnostic estimator generalizes across con-
ditions and provides a reusable capability that can interface
with diverse manipulation policies.

III. METHOD
In this section, we present the details of UNIC.

A. Background: Extrinsic Contact

Extrinsic contact requires reasoning about interac-
tions such as gripper—object, object-object, and ob-
ject—environment, where object geometry and pose are often
unknown [1], [2].

Previous work defined extrinsic contact mainly as grip-
per—object—environment interactions. Our formulation gen-
eralizes this to a unified representation that also captures
complex cases such as multi-object manipulation (e.g., grip-
per—object—object—environment), where contacts may occur
simultaneously across multiple objects and the environment.

B. Overview of UNIC

The architecture of UNIC is illustrated in Fig. 2. The
objective of UNIC is to estimate extrinsic contact by (i)
leveraging multimodal inputs, including point clouds, tactile
signals, force—torque, and end-effector rotation, and (ii)
avoiding reliance on additional information such as pre-
constructed object geometries or camera calibration.

C. Prior-free Contact Affordance Representation

We introduce our prior-free contact affordance repre-
sentation, a unified formulation capable of capturing di-
verse contact types, including complex chains such as grip-
per—object—object—environment, without requiring priors like
camera calibration or pre-defined object geometries.

We represent extrinsic contact as an affordance map over
the entire scene. As shown in Fig. 3, UNIC directly uses the
camera-frame point cloud as the reference for constructing
this affordance map, without relying on ground-truth infor-
mation such as the object’s geometries. Although this design
inevitably sacrifices some precision and completeness due
to the limited resolution and coverage of point clouds, it
eliminates the need for constraints such as camera calibration
and ensures that the learning process remains independent
of additional priors from multimodal sensory inputs. This
paradigm enables flexible deployment, allowing cameras to
be positioned freely or moved dynamically during estimation.
Notably, the same paradigm of using camera-frame point
cloud observations has also demonstrated strong performance
and generalization in policy learning [23], [24].

For point clouds, extrinsic contact is annotated by having
humans select contact points directly in 3D space. We will
provide more details in Section V-A.3 on how this annotation
process can be performed both quickly and reliably. Regard-
less of the contact type, this point-based annotation offers
a consistent way to represent contacts, as shown in Fig. 3.
We denote the set of N annotated points as {p’}X ,, where
p’. € R3 represent the i-th annotated point. Importantly, N
is not fixed; allowing it to vary across point clouds makes
the annotation process highly flexible and simple.

However, human annotations often exhibit non-uniform
and sparse density across different regions, making them un-
suitable as a dense supervision signal. To generate a uniform
affordance representation from these annotated points, we
adopt the following procedure, as shown in Fig. 3. For each
point p* € R3, k = 1,..., M, in the point cloud captured
by an RGB-D camera, we compute its minimum distance to
the annotated set {p®}¥ ,:

: k_ i
d = min {[p" —pg[la.
We then transform this distance into an affordance score
using a Gaussian kernel:

d2
Y = exp (—2;2> :

Here, o controls the kernel bandwidth. Since the kernel
value yy, lies in (0, 1], we further normalize it to match the
affordance label range used during training. Specifically, we
scale by a factor s, clamp to [0, 1], and linearly rescale to
the range [—1, 1]:

ar =2 - clamp(s - yx,0,1) — 1,

where the scaling factor s controls the effective range before
clamping. This process yields an affordance value aj for
each point p*, where points in contact regions receive higher
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Fig. 2: Pipeline of UNIC. UNIC integrates four sensing modalities as inputs—point clouds, end-effector rotation, force—torque, and tactile marker
displacements—and outputs an extrinsic contact affordance map. We adopt a masked multimodal fusion strategy to ensure a robust multimodal representation
learning. In addition, UNIC employs a sampling strategy designed to enhance computational efficiency.
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Fig. 3: Illustration of proposed prior-free contact affordance representation over three different cases. For each case, we show the RGB image and the
corresponding point cloud. The human operator annotates the contact points. Based on these annotations, the proposed Gaussian kernel-based generation
method is applied to produce the contact affordance map. Affordance values range from —1 to 1, with higher values at contact locations and lower values

in non-contact regions.

affordance values and those in non-contact regions receive
lower values. As shown in Fig. 3, the affordance unifies
contact and non-contact regions with minimal annotation
effort and without requiring uniform human labeling.

D. Multimodal Encoding

We motivate our modality choices and describe how each
input is encoded. In particular, we integrate four input
streams: tactile sensing, end-effector rotation, force—torque
sensing, and camera-frame point clouds.

1) Selection of Modalities: For tactile signals, we use
marker displacement maps to capture the spatial distribution
of shear across the finger, as shown in Fig. 2. In our setup,
two marker displacement maps are obtained from the parallel

gripper’s two tactile sensors, which are GelSight Minis [25].
Compared with other tactile representations such as raw
images, depth maps, or binarized tactile maps, this repre-
sentation provides a more unified and information-rich basis
for contact estimation [1]. The tactile data are structured in a
tensor of size (H, W, 2), where H and W denote the numbers
of markers along the two axes, and the last dimension stores
the = and y displacement components.

For the end-effector state, we use rotation rather than
position or the full 6D pose. This design choice is moti-
vated by the fact that rotation defines the coordinate frames
of the force—torque and tactile signals, whereas position
mainly introduces fixed geometric priors that are redundant
in our setup. We represent rotation using quaternions. The
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force—torque modality is a 6D wrench from a wrist-mounted
sensor. Point clouds are obtained in the camera frame from
an RGB-D camera with variable placement, meaning the
camera is not constrained to a single configuration during
data collection and model deployment.

2) Encoders: Each modality is processed by a dedicated
encoder to the latent space as illustrated in Fig. 2.

Tactile encoder: Tactile inputs are processed by a trans-
former encoder tailored to marker displacements. Specifi-
cally, we patchify the (H,W,2) map via a convolutional
projection with a stride equal to the patch size, flatten the
resulting patches into a sequence of tokens, and apply a
transformer encoder over this sequence [26]. This yields a
set of tactile tokens. In our setup, marker displacement maps
from the two fingertips are independently encoded and then
aggregated. This design suits marker displacements well:
local correlations capture fine-grained contact patterns, while
self-attention models long-range effects such as shear fields.

End-effector rotation and force-torque encoders: End-
effector rotation and force—torque signals are each passed
through lightweight MLPs to produce compact token sets.

Point cloud encoder: Point clouds are processed with a
PointNet encoder [27] to extract geometric features. These
features are then pooled to a fixed number of tokens by
averaging over downsampled subsets.

3) Shared Tokenization: All modality-specific tokens are
projected to a common embedding dimension and balanced
to the same per-modality token count. For tactile, we flatten
all patch tokens and apply a linear projection to a fixed
number of tokens. For end-effector rotation and force-torque,
linear projections reshape MLP features into the same token
layout. For point clouds, the pooled encoder outputs are pro-
jected to the shared token dimension. This balancing ensures
comparable contribution from each modality regardless of
native resolution or feature size.

E. Masked Multimodal Fusion

We propose a masked multimodal fusion strategy to en-
hance the robustness and flexibility of multimodal represen-
tation. The key idea is to randomly mask a subset of latent
tokens during training and replace them with a learnable
mask token, which is then optimized jointly with the rest
of the network, as shown in Fig. 2. Both modality-specific
tokens and mask tokens are then fed into the modality-
agnostic transformer trunk.

This design brings three main benefits: (i) it simulates
sensor dropouts or partial observations during training, forc-
ing the model to leverage complementary signals; (ii) the
learnable mask token provides a modality-agnostic prior that
allows the transformer trunk to treat missing information
properly rather than noisy or zero-padded inputs; and (iii)
it ensures that the model naturally adapts to incomplete
multimodal observations at deployment.

As described in Section III-D, all modalities are encoded
into a balanced tokenized representation. During training,
we randomly mask a portion of these tokens according
to a specified ratio, and in our experiments we set the
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Fig. 4: Tllustration of the sampling process. The gray blocks represent
flattened sample points obtained from the camera-captured point cloud,
while the orange blocks represent the multimodal feature generated by the
trunk. Here, B denotes the batch size, M denotes the number of points
in point cloud/sample points, and D denotes the dimensionality of the
multimodal feature. See Section III-F for details.

masking ratio to 0.5. Masked positions are replaced with
the learnable mask token, yielding a consistent placeholder
that the modality-agnostic transformer trunk can interpret
reliably across training iterations. The learnable mask token
is updated through training. The fused token sequence is
then processed by the trunk, which performs cross-modal
reasoning and produces a compact latent representation.

At deployment, random masking is disabled: all available
modality tokens are passed directly into the transformer
trunk. Thanks to this masking design, we can even discard
one or more modalities at deployment while the system still
functions reliably. If a modality is missing, its tokens are re-
placed with the learnable mask token, ensuring distributional
consistency between training and inference. Consequently,
the model remains reliable under sensor failures or missing
inputs, without requiring retraining.

This design makes the overall system highly practical
for real-world robotics. Since the trunk has been trained to
process both modality tokens and mask tokens, it maintains
stability under unpredictable sensing missing and supports
flexible deployment across diverse hardware configurations.

F. Efficient Sampling

We present an efficient sampling strategy that decouples
global multimodal fusion from point-wise affordance genera-
tion, thereby accelerating the forward pass. The transformer
trunk shown in Fig. 2 and Fig. 4 first produces a global
multimodal feature of shape (B, D), where B is the batch
size and D the feature dimension. Meanwhile, the point
cloud of size M is retained as the set of sample points. The
fused feature is then broadcast to these sample points and
concatenated with their 3D coordinates, enabling lightweight
point-wise inference. As illustrated in Fig. 4, this design
pushes only lightweight computation to the point-wise head,
resulting in a streamlined data flow: global fused feature
(B, D), broadcast to (B x M, D), concatenated with sample
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Seen Objects

Unseen Objects

Fig. 5: Objects used in our experiments. The left set shows seen objects,
while the right set shows unseen objects used only during validation.

points (B x M, D+3), processed by the affordance head to

(B x M,1), and finally reshaped into the affordance map
(B, M).

IV. BASELINES

In this section, we introduce three baselines which are
benchmarked with UNIC in experiments.

A. UNIC without Masked Fusion

This baseline uses the same modalities, encoders, and
sampling strategy as UNIC model, but removes the masked
multimodal fusion. During both training and inference, fea-
tures from all modalities are directly concatenated and fed
into the transformer trunk without any masking.

B. End-to-end Regression

End-to-end regression employs the same modalities and
encoders but omits masked fusion, directly mapping the
concatenated features to L points as the predicted contact
patch. Training is supervised with the Chamfer distance loss
between predicted and ground-truth patches. To generate
ground-truth patches, we first construct a dense affordance
map, select points with positive affordance, and downsample
them to L points as ground-truth labels. For non-contact
cases, all predicted points are set to zero [16].

C. Visual Estimation

This baseline keeps the same sampling strategy but re-
moves masked fusion and relies only on point cloud and end-
effector rotation, excluding force—torque and tactile inputs.

V. EXPERIMENTS

In this section, we present our experimental setup and
results. Our evaluation is designed to address the following
key questions:

1) Can UNIC generalize to diverse contact locations,
varying object configurations, different camera view-
points, and even entirely unseen objects?

2) If models are trained with full modality inputs but
some modalities are removed only at test time, can
different methods still function effectively?

3) What insights can be drawn from the results regarding
the relative importance of different modalities?
4) Is UNIC capable of supporting real-time deployment?

In our experiments, to ensure statistical significance of
the results, we performed validation of all metrics every
10 epochs during training. For reporting, we averaged the
results over the last 10 validations during training. This entire
process was repeated with three different random seeds, and
the results were obtained by averaging across these seeds.

A. Setup

1) Hardware: For data collection, we use a 6-DoF
Mitsubishi MELFA robot equipped with a wrist-mounted
force—torque sensor and a WSG-32 gripper, with each finger
instrumented with a GelSight Mini. The robot operates under
a stiffness controller to enable compliant interactions. An
Intel RealSense D435 RGB-D camera is used to capture point
cloud observations.

2) Objects: As illustrated in Fig. 5, we employ two sets
of objects for data collection. The seen objects are used to
gather training data, and based on these objects we also
construct a test set consisting of seen objects with unseen
contact locations. The unseen objects are used exclusively
to build another test set containing entirely novel objects
that the model has never encountered. In Fig. 5, the top row
shows the grasped objects, while the bottom row shows the
objects placed on the table to provide contact surfaces.

3) Data Collection: All data streams were uniformly
recorded at 10 Hz. Point clouds are captured with an flexible
RGB-D camera, then cropped and downsampled to 1,024
points. The cropping is governed by a fixed set of parameters
and applied identically across all data and inference runs.

We use an episode as the basic unit, where each episode
is a continuous data chunk lasting a few seconds. For each
episode, we consider two cases: (i) contact at a fixed location,
where the robot varies force and pose (e.g., rotation around
the contact point). The contact point remains fixed within an
episode but differs across episodes. (ii) no contact, where the
end-effector moves freely. Although multimodal observations
vary frame by frame, annotation is required only once per
episode, as the fixed contact points generate affordance
maps for all frames. Because contact locations vary across
episodes and non-contact episodes involve unconstrained
motion, episodes are naturally independent.

To avoid data leakage, we split training and validation sets
for seen objects at the episode level, with a ratio of 0.8:0.2.
The resulting numbers of episodes and frames are reported in
Table 1. For unseen objects, we collect both contact and non-
contact episodes but use them only for validation. The whole
validation set thus consists of: (i) unseen contact locations
on seen objects, testing generalization to new configurations,
and (ii) entirely unseen objects, testing generalization to new
categories and shapes.

Each validation set (seen and unseen) is divided into all
contact and no contact subsets, whose union forms the full
set. Within the all contact subset, we further isolate single-
object tabletop contacts for controlled evaluation, referred to
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TABLE I: Number of Episodes/Frames in Each Set. We split the dataset into training and validation sets with a ratio of 0.8:0.2. See Section V-A.3 for

more details about the dataset.

Fig. 6: UNIC inference results on seen objects under unseen contact locations.

configurations.
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Fig. 7: UNIC inference results on unseen objects, whose data were not used during training, as detailed in Sec. V-A.2. UNIC demonstrates strong
generalization to previously unseen objects.

All Train Valid All Contact  Single Contact No Contact
Seen 1500/32274 1200/25751 300/6523 272/4476 131/1810 28/2047
Unseen 15074555 0/0 15074555 120/3250 60/1574 30/1305
Annotation UNIC Estimation RGB Annotation UNIC Estimation Annotation UNIC Estimation
E 4 s T

Annotation UNIC Estimation

No Tac No FT No FT & Tac

-

Fig. 8: Inference results with and without masked fusion under test-time modality removal. UNIC with masked fusion demonstrates more robust predictions
compared to the variant without masked fusion. This shows that masked fusion enables flexible test-time configurations of modality inputs without retraining

the model, while maintaining performance.

as the single contact set. These partitions are constructed
alongside annotation, ensuring consistency with semantic
labels for analysis. Details of the dataset are provided in
Table L.

B. Metrics

We evaluate extrinsic contact estimation using three met-
rics, corresponding to the all contact, single contact, and no
contact validation sets in Table 1.

In the all contact setting, contact is uniformly represented
as a point cloud, allowing diverse forms of contact to

be expressed as patches of points. The predicted patch is
compared with the ground truth using Chamfer distance in
mean absolute error. The results are summarized in Table II.

The single contact set covers cases where the grasped
object touches the table. A single representative point, ob-
tained by averaging the contact patch, is compared with the
ground-truth point using mean absolute error. The results are
summarized in Table III.

The no contact set includes cases where the grasped object
does not touch the environment. The model is expected to
output an affordance map of all -1 values, and performance is
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TABLE II: Mean Absolute Error (Chamfer Distance, mm) of Contact Patch Estimation on the All Contact Validation Set.

Seen Objects

Unseen Objects

All Test-time Modality Removal All Test-time Modality Removal
Rotation | Tac | FT | FT & Tac Rotation Tac FT  FT & Tac
UNIC 9.6 9.4 9.7 9.7 9.8 334 32.5 335 335 329
UNIC w/o Masked Fusion | 7.9 15.5 199.2  15.1 210.2 334 28.4 2154 279 230.3
E2E Regression 32.8 333 369 318 34.9 453 45.1 47.0 446 45.2
Visual Estimation 17.9 18.0 - - - 54.0 55.4 - - -

TABLE III: Mean Absolute Error (Distance, mm) of Contact Point Estimation on the Single Contact Validation Set.

Seen Objects

Unseen Objects

All Test-time Modality Removal All Test-time Modality Removal
Rotation | Tac [ FT [ FT & Tac Rotation Tac FT  FT & Tac
UNIC 16.7 154 16.2 15.5 16.8 234 23.0 253 238 25.1
UNIC w/o Masked Fusion | 14.8 18.8 1184 182 128.0 26.4 27.8 125.7 28.6 132.4
E2E Regression 16.1 16.4 23.1 16.6 23.0 25.3 24.6 26.7 24.7 27.2
Visual Estimation 222 22.2 - - - 40.0 41.0 - - -

TABLE IV: Mean Absolute Error of Non-Contact Affordance Estimation. Since E2E regression does not predict affordance, it is omitted from this metric.

Seen Objects Unseen Objects
All Test-time Modality Removal All Test-time Modality Removal
Rotation [ Tac | FT [ FT & Tac Rotation ~ Tac FT FT & Tac
UNIC 0.024 0.050 0.022  0.088 0.092 0.018 0.012 0.014  0.058 0.076
UNIC w/o Masked Fusion | 0.006 0.081 0.092  0.106 0.104 0.004 0.046 0.086  0.088 0.098
Visual Estimation 0.054 0.054 - - - 0.051 0.048 - - -

TABLE V: Average inference time over 100 forward passes under different
test-time modality drop conditions.

All
0.0015 s

No FT & Tac
0.0010 s

No Rotation

0.0015 s

No Tac
0.0011 s

No FT
0.0015 s

measured by the mean absolute error between the predicted
and ground-truth affordance maps. The results are summa-
rized in Table IV.

For both the all contact and single contact sets, contact
patches are obtained by thresholding the affordance map:
points with values greater than zero are selected as the
contact point cloud.

C. Results

The quantitative results are summarized in Tables II-IV.
From these results, we draw the following conclusions:

1. Performance on seen objects with unseen contact
locations: As shown in Tables II and III, UNIC achieves a
Chamfer distance error of 9.6 mm for contact patch estima-
tion and a 16.7 mm distance error for single-object contact
estimation. Importantly, these results are obtained under ran-
domized camera viewpoints and without relying on any prior
knowledge, demonstrating the impressive generalization ca-
pability of our approach. Representative visualization results
are shown in Fig. 6. In our supplementary video, we present
additional real-time inference results, including estimation
on unseen contact locations, transitions from non-contact to
contact states, and robust estimation under dynamic camera
movements.

2. Performance on unseen objects: Even when deployed
on entirely unseen objects, UNIC exhibits acceptable per-
formance, as shown in Tables II and III, with corresponding
qualitative results illustrated in Fig. 7. These results suggest

that UNIC can make reasonable predictions for previously
unseen objects. This generalization stems from the fact
that the input modalities used by UNIC—point clouds and
marker displacement maps—primarily capture geometric and
interaction-related information, rather than relying on object-
specific features. For objects with significantly different ge-
ometries, especially in multi-object contact scenarios, Fig. 7
shows that UNIC’s predictions, while not always precise,
remain spatially consistent and reasonable.

3. Robustness of masked fusion on UNIC: As shown
in Tables II and III, and Fig. 8, we also observe that UNIC
without masked fusion achieves higher performance than
UNIC when all modalities are present at test time. However,
once a modality is removed during inference, its performance
degrades substantially, with the drop being especially pro-
nounced for high-dimensional inputs such as tactile marker
displacement maps. This indicates that while masked fu-
sion sacrifices some global performance, it greatly enhances
the robustness of multimodal representations. Moreover, it
introduces a new capability—allowing test-time modalities
to be flexibly reconfigured without severely compromising
performance—thereby making deployment both more robust
and more adaptable.

4. Role of tactile vs. force-torque: From the evaluation
on the all contact dataset, tactile marker tracking proves more
beneficial for fine-grained estimation, as removing tactile in-
put leads to a larger performance drop compared to removing
force—torque, as shown in Table III. In contrast, force—torque
signals play a more critical role in distinguishing whether
contact occurs: on the no contact validation set, removing
force—torque causes a significant degradation in performance,
as shown in Table IV. This is intuitive, since tactile marker
tracking provides richer and more detailed feedback, implic-
itly encoding fine-grained interaction and spatial information
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that supports accurate estimation. Force—torque, on the other
hand, is a low-dimensional signal that is more directly
informative for detecting the presence or absence of contact.

5. Comparison with baselines: Both end-to-end regres-
sion and vision estimation perform worse than UNIC and
its ablations. For end-to-end regression, directly predicting
contact patches without sampling makes it more difficult to
capture the distribution of contacts, leading to substantially
higher learning difficulty. For vision estimation, despite
using the same architecture, the absence of force—torque and
tactile inputs results in a pronounced drop in accuracy. This
highlights the critical importance of multimodal inputs for
precise extrinsic contact estimation.

6. Inference time: We measure the inference time of
UNIC on a single RTX 3080 GPU, both with all modalities
and under different test-time modality drop conditions, as
shown in Table V. Each reported value corresponds to
generating a full contact affordance map from a point cloud
of 1,024 points. UNIC runs at over 600 Hz, demonstrating
real-time efficiency.

VI. DISCUSSION

We introduced UNIC, a unified multimodal framework for
extrinsic contact estimation that eliminates reliance on prior
knowledge and camera calibration. By directly leveraging
multimodal inputs, UNIC generalizes across diverse contact
formations, remains robust under missing modalities, and
demonstrates effectiveness across challenging scenarios.

Looking ahead, UNIC can be advanced in three main
directions. First, scalable multimodal data generation through
simulation and sim-to-real transfer can overcome the limi-
tations of human annotations and the scarcity of real-world
data. Second, integrating vision [28] or vision-language foun-
dation models [29] may strengthen multimodal alignment
and contextual reasoning, enabling richer open-world under-
standing for contact estimation. Finally, coupling UNIC with
contact-rich manipulation policies [6] could provide informa-
tive conditions for learning and control, paving the way for
more adaptive and general-purpose robotic manipulation.
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