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Abstract— We propose a low-cost gating-based visuo-pro-
prioceptive fusion framework that combines a pre-grasp RGB
image with internal servo signals, including position, load,
current, and velocity, collected during a standard grasp-and-
lift interaction. To rigorously evaluate multimodal robustness,
we introduce an adversarial dataset containing visually de-
ceptive objects where appearance-based pseudo-correlations
are intentionally disrupted. Our architecture dynamically sup-
presses unreliable visual hypotheses under modality conflict
while using auxiliary proprioceptive supervision to maintain
an independently discriminative proprioceptive branch. On
visually deceptive objects, our gated fusion achieves 97.61%
accuracy, effectively mitigating visual biases and outperforming
both proprioception-only (87.89%) and vanilla fusion (85.56%)
baselines. These results show that low-cost proprioception
provides reliable physical grounding, while visual information
should be leveraged selectively rather than trusted uniformly.

I. INTRODUCTION

By combining vision and touch, humans can perform
dexterous object manipulation while dynamically adapting to
object characteristics. Estimating inherent object properties
is crucial during contact-rich manipulation of diverse objects,
especially fragile or deformable ones [1], [2]. Recent vision-
based methods exhibit strong semantic reasoning capabilities,
and can utilize common knowledge to infer properties [3],
[4]. However, appearance is often an unreliable proxy for
underlying physical attributes: objects that look similar may
differ substantially in weight, compliance, or material com-
position. While tactile sensing can provide more direct and
reliable physical evidence, many existing tactile or force-
torque solutions depend on costly and fragile hardware,
limiting their scalability and practical deployment in low-
cost robotic systems [5], [6], [7].

This paper proposes a low-cost gating-based vision and
proprioception fusion approach. The method utilizes only
internal robotic arm servo signals and a single pre-interaction
top-down photograph to rapidly classify the mass, stiffness,
and material of objects during interaction. To rigorously
evaluate robustness under appearance–physics mismatch, we
construct a dataset of visually deceptive objects in which
spurious correlations between appearance cues and physical
properties are intentionally introduced or broken. This setting
tests whether a model genuinely reasons about physical
attributes or merely relies on superficial visual regularities.
We collected over 800 samples via a standardized automated
procedure. Each sample contains a pre-interaction global
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photograph and a segment of multi-channel internal servo
signals (position, load, current, and velocity) recorded during
the interaction.

Our model (Fig. 1) encodes visual and proprioceptive
observations into modality-specific representations and fuses
them through a gating mechanism that is jointly conditioned
on both streams. The key idea is to dynamically suppress
unreliable visual evidence when the two modalities conflict,
thereby improving robustness on visually ambiguous objects.
The fused representation is then used for multi-task pre-
diction of mass, stiffness, and material. Our contributions
are twofold: First, we introduce a low-cost gating-based
visuo-proprioceptive fusion architecture classifying object
properties using only a single RGB photograph and internal
servo signals. Second, we provide a dataset containing visual
traps, consisting of photographs and internal servo signals.

II. DATASET AND METHOD

A. Adversarial Dataset Design
To rigorously evaluate multimodal robustness, we con-

struct a custom dataset of 16 specially crafted objects (Fig. 2)
featuring visual traps: training-set visual features (e.g., color,
texture) strongly correlate with physical properties (mass,
stiffness, material), whereas the unseen test set deliberately
breaks these spurious correlations. For example, an object
visually identical to a heavy training object might actually
possess a low mass. This adversarial split ensures models
relying solely on visual shortcuts fail, necessitating genuine
physical grounding through proprioception. Our data are col-
lected via a standardized automatic grasp-and-lift procedure,
capturing a pre-interaction RGB image and multi-channel
internal servo signals (position, load, current, and velocity).

B. Gated Token-Level Fusion
The visual branch employs a frozen ResNet encoder [8]

extracting visual tokens V ∈RNv×d , whereas the propriocep-
tive branch uses a temporal encoder mapping raw servos
signals into proprioceptive tokens Ptok ∈ RNp×d .

To prevent misleading visual cues from dominating the
predictions, we introduce a sample-wise gating module that
aggregates the modalities into compact summary vectors
(vg and pg) by applying global average pooling over the
visual and non-padded proprioceptive token sequences. A
multi-layer perceptron with Sigmoid activation maps the
concatenated summary [vg; pg] to a scalar gate g ∈ (0,1).
Subsequently, we gate the visual tokens through interpolation
with a learned null token:

Ṽ = gV +(1−g)vnull, (1)
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Fig. 1. Overview of the proposed architecture.

Fig. 2. Overview of our adversarial dataset. The unseen test set delib-
erately breaks training-set visual-physical pseudo-correlations to evaluate
multimodal robustness.

where vnull broadcasts over the visual sequence. The gated vi-
sual tokens Ṽ , proprioceptive tokens Ptok, and a classification
token ([CLS]) [9] are concatenated and processed by a shared
Transformer encoder [10] to predict the mass, stiffness, and
material.

To ensure the proprioceptive branch learns independent
physical representations, we attach three proprioception-
only auxiliary heads predicting identical targets from pg.
The overall loss combines the main classification, auxiliary
proprioceptive, and gate entropy regularization losses:

L = ∑
k∈{m,s,u}

[
LCE(ŷk,yk)+λauxLCE(ŷk

aux,y
k)
]
+λregRent(g).

(2)
Minimizing the negative Bernoulli entropy Rent(g) penal-

izes premature gate saturation, promoting early cross-modal
exploration.

III. EXPERIMENTS AND DISCUSSION

A. Protocol

We evaluate on a unified task predicting three mass
classes, four stiffness classes, and five material classes,
reporting the average accuracy across these tasks over five
random seeds. We compare our Gated Fusion model against
three baselines. The Vision-only baseline uses a ResNet-18
on pre-grasp images followed by a Transformer encoder;
the Proprio-only baseline applies 1D-CNNs on servo signals
before the Transformer encoder; and the Vanilla Fusion
baseline concatenates visual and proprioceptive tokens for
the shared Transformer without gating. Such feature con-
catenation serves as a representative proxy for standard
early-fusion approaches widely adopted in multimodal robot
learning [11], [12]. In our evaluation, seen objects refer to
those present during training, whereas unseen objects are

TABLE I
MAIN RESULTS AND TASK-WISE UNSEEN-OBJECT ACCURACY (%).

VALUES ARE MEAN ± STD ACROSS FIVE SEEDS.

Overall Accuracy & Gate Score

Method Seen-object Unseen-object Gate

Vision-only 95.39 ± 0.73 18.00 ± 6.16 –
Proprio-only 95.29 ± 1.93 87.89 ± 1.62 –
Vanilla Fusion 99.31 ± 0.73 85.56 ± 8.39 –
Ours (Gated Fusion) 99.71 ± 0.59 97.61 ± 3.68 0.589

Task-wise Unseen-object Accuracy

Method Mass Stiffness Material

Vision-only 17.17 ± 6.55 17.83 ± 6.84 19.00 ± 5.15
Proprio-only 100.00 ± 0.00 81.00 ± 2.76 82.67 ± 2.20
Vanilla Fusion 87.67 ± 7.91 84.50 ± 9.61 84.50 ± 8.04
Ours (Gated Fusion) 100.00 ± 0.00 95.17 ± 7.61 97.67 ± 3.43

exclusively drawn from the out-of-distribution (OOD) test
set featuring visually deceptive appearances. Given our ad-
versarial split design, high unseen-object accuracy indicates
effective resistance to deliberate visual bias rather than mere
generalization.

B. Main Unseen-Object Results

Table I reveals that vision-only and vanilla fusion models
degrade significantly on out-of-distribution objects. In prac-
tical robotics, deceptive appearances frequently contradict
actual physical properties, breaking the spurious correlations
exploited by standard architectures. Our Gated Fusion mit-
igates these modality conflicts by dynamically suppressing
unreliable visual hypotheses, achieving 97.61% accuracy on
unseen objects while maintaining near-ceiling performance
on seen data. Task-wise analysis further shows that while
proprioception alone perfectly predicts unseen mass, it fails
in stiffness and material estimation; conversely, Gated Fusion
consistently excels across all tasks.

IV. CONCLUSION

This paper presents a low-cost, gating-based visuo-
proprioceptive fusion approach for robust physical property
estimation. By dynamically suppressing unreliable visual
cues during modality conflicts, our architecture effectively
reduces reliance on misleading visual cues and maintains
high accuracy on visually deceptive objects.
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