
RGB-S: Image-Aligned Tactile Saliency for Robust
Dexterous Manipulation

Anonymous Author(s)

√

Tactile +

Vision
X Spatial Disorder

Occlusion

RGB

RGB-S Paradigm

Tactile

+Vision
Spatial Alignment

Occlusion

Classical Paradigm

RGB-SImplicit
Fusion

URDF FK to 
3D locations

Project to 
camera Image

Tactile-to-Image
RGB-S input

1D Tactile

Implicit input Force-modulated
Gaussian Saliency

RGB

Force-aware
2D Tactile

RGB-S Framework

1

Figure 1: Overview of RGB-S. Classical tactile-vision fusion relies on implicit multimodal em-
beddings that often lose spatial correspondence under occlusion. Our RGB-S paradigm explicitly
projects tactile contacts onto image-space saliency maps, producing a force-aware and spatially
aligned representation for robust dexterous manipulation.

Abstract: Effective visuo-tactile integration is critical for robotic dexterous ma-2

nipulation, especially when visual observations are unreliable or occluded. How-3

ever, robustly aligning sparse, heterogeneous tactile measurements with dense vi-4

sual representations remains a fundamental challenge. Most existing approaches5

require policies to learn cross-modal correspondences implicitly from limited6

demonstrations, without leveraging geometric priors. As a result, they are of-7

ten data-inefficient and generalize poorly when visual observations are degraded.8

To address this limitation, we propose a framework that explicitly grounds phys-9

ical contacts in the image domain. Using robot forward kinematics and cam-10

era calibration, we project tactile sensor locations directly onto the RGB image11

plane. We then render force-modulated Gaussian saliency maps to model spatial12

uncertainty arising from kinematic and calibration errors. By integrating these 2D13

spatial anchors through a zero-initialized conditioning architecture, our method14

injects physical contact priors into standard visual backbones while preserving15

pre-trained visual representations. We evaluate our method on six dexterous ma-16

nipulation tasks in both simulation and the real world under severe visual occlu-17

sions. Real-world experiments show that explicit RGB-S grounding in the image18

domain improves real-world occluded manipulation success rates by 26.7 per-19

centage points over the strongest implicit visuo-tactile baseline, suggesting its20

improved spatial reasoning and robustness to occlusion. Project page: touch-as-21

saliency.github.io.22
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1 Introduction24

Dexterous robotic manipulation benefits from complementary sensory modalities. Vision provides25

general-purpose representations for robotic control and can leverage prior knowledge from pretrain-26

ing [1, 2, 3]. In contrast, touch provides direct information about physical interactions, including27

contact events and force magnitudes. Such information is especially valuable under visual occlusion28

and in contact-rich manipulation scenarios [4, 5, 6, 7]. However, tactile and proprioceptive signals29

are typically sparse, low-dimensional, and robot-specific. Due to heterogeneous hardware, they lack30

the standardized datasets and transferable pretraining pipelines that have driven progress in vision.31

This creates a fundamental modality asymmetry: strong visual priors are readily available, whereas32

heterogeneous tactile information is often learned from limited data. Given the scarcity of tactile33

data, a key question arises: how can tactile information be integrated into a standard and unified34

representation?35

A second challenge arises because visual and tactile information often lack explicit correspondence.36

Existing approaches to visuo-tactile fusion generally fall into two categories. The first relies on37

implicit latent fusion, forcing the policy to learn visuo-tactile spatial correspondences entirely from38

data [8, 9]. Without explicit geometric priors, this paradigm is data-inefficient and struggles to39

unify heterogeneous tactile signals. The second explicitly lifts tactile signals into 3D representation40

spaces [10]. While effective for spatial reasoning, these methods are limited by their reliance on41

depth sensing, sensitivity to noise, and computational overhead. Moreover, they often train small-42

scale 3D networks from scratch and do not exploit the many existing pretrained 2D vision back-43

bones, limiting the amount of prior knowledge the model can leverage.44

To bridge these gaps, we ask: Can sparse tactile signals be explicitly grounded using commonly45

available visual representations as an anchor? To this end, we propose RGB-S, a lightweight46

visuo-tactile fusion framework that grounds tactile information directly in image space. Rather than47

treating tactile readings as non-spatial vectors, we use forward kinematics and camera calibration48

to project contact locations onto the RGB image plane, where they are rendered as force-modulated49

Gaussian heatmaps. This converts temporally sparse, robot-centric measurements into dense visual50

saliency cues, thereby aligning tactile and visual information within the native 2D coordinate system51

of RGB inputs.52

Another advantage of the proposed approach is its compatibility with many existing pretrained visual53

encoders [11]. To this end, we use the projected saliency map as an additional input channel to54

RGB encoders, thereby reusing existing visual knowledge. Tactile information is then incorporated55

following the principle of zero-initialized conditioning [12], enabling the policy to exploit tactile56

saliency while preserving the behavior of the pretrained RGB encoder at the start of training. This57

design is, in principle, independent of the choice of visual encoder and retains the efficiency and58

simplicity of 2D visual inference.59

We evaluate our RGB-S framework on six dexterous manipulation tasks, comprising three simu-60

lation tasks and three real-world tasks, under both unobstructed and visually occluded observation61

settings. Integrated with state-of-the-art imitation learning algorithms [13, 14], our method consis-62

tently outperforms representative multimodal baselines. The results demonstrate that image-plane63

visuo-tactile grounding provides a critical spatial prior, enabling substantial, efficient improvements64

in manipulation robustness, particularly under severe visual occlusion and degradation.65

Our main contributions are summarized as follows:66

• We propose RGB-S, a lightweight visuo-tactile fusion framework that uses forward kine-67

matics and camera calibration to project sparse tactile measurements onto the 2D image68

plane, converting robot-centric contact signals into explicit visual saliency cues.69

• We introduce a zero-initialized conditioning mechanism that integrates tactile saliency into70

standard pretrained 2D visual encoders. This design provides spatial grounding for touch71

while preserving and leveraging the representational strength of pretrained vision back-72

bones.73
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• We evaluate the proposed RGB-S framework on six dexterous manipulation tasks in both74

simulation and real-world experiments, complemented by comprehensive ablation studies75

and in-depth discussions.76

2 Related Works77

Visuo-Tactile Fusion and Spatial Grounding. Tactile sensing provides direct measurements of78

physical interaction and has been shown to improve robotic manipulation in contact-rich settings,79

including dexterous manipulation [15, 16], regrasping [5], slip and contact-state estimation [17, 18],80

and grasp outcome prediction [4]. As a complementary modality to vision, touch is particularly81

valuable when visual observations are occluded, degraded, or insufficient for inferring contact82

states [19, 20]. Existing visuo-tactile policies commonly fuse modalities in a learned latent space:83

tactile or proprioceptive features are concatenated with visual embeddings [21], used to modulate84

visual features through tactile-conditioned parameters [8, 22], or mixed with visual tokens through85

attention-based modules [23, 24]. While flexible, these methods typically require the policy to infer86

correspondences between robot-centric tactile signals and image-centric visual observations from87

task data. Without an explicit spatial prior, such correspondences can be data-inefficient to learn88

and may fail to generalize to challenging visual occlusion settings. Recent work has explored more89

explicit spatial fusion by expressing contacts in point-cloud space [25, 26]; however, such meth-90

ods require depth observations or 3D reconstruction and cannot fully exploit the rich prior knowl-91

edge available in pretrained 2D visual backbones. In contrast, our work converts contact and force92

measurements into explicit image-space spatial correspondences, enabling visuo-tactile grounding93

directly in the RGB observation space.94

Scalable Tactile Representations and Pretrained Visual Backbones. Learning general tac-95

tile representations remains challenging because tactile sensors vary widely in signal type, spa-96

tial layout, sampling characteristics, calibration, and noise profiles [27, 28, 29]. Prior work has97

learned representations for specific tactile modalities, such as high-resolution vision-based tactile98

images [30, 31], sparse force measurements [32], and paired visual-tactile observations for cross-99

modal alignment [33]. Recent methods further seek reusable tactile representations across sensors100

and interaction types [34, 35]. However, unlike RGB images, tactile signals lack a standardized101

spatial format amenable to large-scale pretraining pipelines, making it difficult to directly reuse the102

spatial inductive biases and pretrained representations of standard visual backbones [11, 36]. In103

contrast, we use image space as a unified representation, allowing tactile cues to be integrated with104

standard 2D visual encoders while leveraging their pretrained visual knowledge.105

3 Method106

We propose RGB-S, a lightweight visuo-tactile policy learning framework that converts sparse, het-107

erogeneous tactile measurements into dense, visually aligned saliency maps. We first present the108

problem formulation in Section 3.1. We then introduce a visuo-tactile alignment representation109

in Section 3.2, which maps contact information to image-space saliency cues through the robot110

kinematic chain and camera projection model. Finally, leveraging the proposed representation, we111

present a zero-initialized architecture in Section 3.3 for integrating tactile signals into robotic ma-112

nipulation policies.113

3.1 Problem Formulation114

Our goal is to acquire tactile manipulation skills via imitation learning. We follow the standard115

visuotactile imitation learning paradigm, in which a policy πθ(at | ot−k:t) is learned from expert116

demonstrations D = {(ot,at)}Nt=1. Here, at denotes the expert action at time step t, and ot =117

{It, st, ft} denotes the multimodal robot observation, comprising an RGB image It ∈ RH×W×3,118

robot proprioception st, and low-dimensional tactile measurements ft.119
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Unlike prior approaches that process tactile signals as independent vectors, we learn a joint visuo-120

tactile representation by projecting tactile observations into the visual domain. Specifically, the raw121

tactile measurements ft are transformed into an image-space saliency map St ∈ RH×W×1, which is122

concatenated with the RGB image to form an augmented RGB-Saliency observation:123

Xt = Concat(It,St) ∈ RH×W×4. (1)

The learning objective is therefore to train a policy πθ(at | Xt−k:t, st−k:t) using standard visual124

imitation learning losses. By embedding tactile information in the same spatial domain as visual ob-125

servations, this formulation establishes explicit cross-modal spatial correspondences while avoiding126

ad hoc architectures for heterogeneous tactile modalities.127

3.2 Force-Aware Kinematic Projection128

Force-aware kinematic projection converts tactile interactions into explicit visual anchors. It maps129

discrete tactile sensor readings from contact locations on the manipulator to an image-space saliency130

representation. This deterministic alignment consists of three steps: forward-kinematic localization,131

camera projection, and force-modulated saliency rendering.132

First, we localize each tactile sensor using the robot proprioceptive state st. Let ft = {fi,t}Mi=1133

denote tactile readings from M tactile sensor nodes, where each fi,t is a scalar force magnitude or134

contact intensity. Given the robot’s forward-kinematics chain, the 3D position Pi,t ∈ R3 of the i-th135

sensor node in the world frame is computed as:136

Pi,t = FK(st,Li), (2)

where Li denotes the fixed local offset of the sensor relative to its attached kinematic link. We then137

project each 3D sensor location onto the image plane of each calibrated camera. For camera view c,138

let Rc ∈ R3×3 and tc ∈ R3 denote the camera extrinsics, and let Kc ∈ R3×3 denote the intrinsic139

matrix. The projected pixel coordinate pc
i,t = [uc

i,t, v
c
i,t]

⊤ is obtained by140

[uc
i,t, v

c
i,t, 1]

⊤ ∼ Kc (RcPi,t + tc) . (3)

Sensor nodes whose projected coordinates fall outside the image bounds are discarded. We denote141

the set of valid projected sensor nodes for camera c at time t as Vc
t . Because the projected tactile142

locations are sparse, we render them into a dense saliency map Sc
t ∈ RH×W×1 by placing a force-143

modulated Gaussian kernel at each valid projected sensor location:144

Sc
t(u, v) = max

i∈Vc
t

[
f̃i,t exp

(
−
(u− uc

i,t)
2 + (v − vci,t)

2

2σ2

)]
, (4)

where σ controls the spatial spread of each projected contact response. We normalize each tactile145

reading as f̃i,t = tanh
(
γfi,t/F

i
limit

)
, where F i

limit is the sensor-specific saturation limit and γ is146

a scaling factor. Here, the max aggregation aims to keep the saliency map bounded when multiple147

projected contacts overlap.148

3.3 Lightweight Network Architecture149

After constructing the augmented RGB-S observation Xt (RGB plus the additional saliency chan-150

nel introduced in Sec. 3.2), we integrate the projected tactile saliency map into a pretrained visual151

encoder, as shown in Fig. 2. Our goal is to reuse the prior knowledge of an RGB-pretrained network152

while allowing the policy to exploit additional tactile spatial information. To this end, we expand153

the first convolutional layer of the visual backbone with a zero-initialized tactile saliency channel.154

Specifically, we use a ResNet-18 trunk [11] as the visual encoder. We extend its first convolutional155

layer from three to four input channels while keeping all subsequent layers unchanged. Following156

the zero-initialization strategy of ControlNet [12], we initialize the first three input channels with the157
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Figure 2: The RGB-S architecture. RGB-S extends a pretrained RGB visual encoder with a zero-
initialized saliency channel, allowing projected tactile cues to be fused in the image domain while
preserving the original visual representation at initialization.

pretrained RGB weights and initialize the newly added saliency channel to zero. For camera view c,158

the first-layer feature is computed as159

zct = Wrgb ∗ Ict +Ws ∗ Sc
t , Ws = 0 at initialization, (5)

where Wrgb denotes the original ResNet-18 first-layer weights for RGB input, Ws denotes the160

weights for the tactile saliency channel, and ∗ denotes convolution. With this initialization, the161

RGB-S encoder is initially functionally equivalent to the original RGB encoder. During fine-tuning,162

Ws is updated, enabling the policy to incorporate spatially aligned tactile information.163

After the modified first convolutional layer, the remaining ResNet-18 trunk processes the features164

identically to the original RGB encoder. The output feature map is compressed using a spatial soft-165

max layer, which represents the feature map by the expected 2D locations of K feature points instead166

of flattening all activations. This yields a compact spatial representation useful for manipulation. In167

our implementation, we use K = 32, producing a 64-dimensional visual feature for each camera168

view, followed by a lightweight linear projection and ReLU activation.169

The encoded RGB-S features from all camera views are concatenated with the remaining observation170

modalities to form a compact condition sequence gt−To+1:t for an observation horizon of length To.171

This sequence is used as the global condition for downstream policy learning.172

4 Experiments173

We evaluate the proposed RGB-S framework to determine whether image-space tactile grounding174

improves visuo-tactile imitation learning. We focus on three key research questions:175

RQ1: Compared with conventional fusion methods, does RGB-S improve visuo-tactile policy learn-176

ing performance across diverse imitation learning architectures and downstream tasks? (Sec. 4.1)177

RQ2: Does RGB-S generalize to real hardware despite tactile noise, calibration errors, and posi-178

tional misalignment? (Sec. 4.2)179

RQ3: How do the individual design components of RGB-S affect performance, specifically force180

rendering, cross-modal spatial alignment, and the fusion architecture? (Sec. 4.3)181

We conduct experiments in both simulation and real-world environments. Policies are trained on182

demonstrations collected under normal, unobstructed visual observations. They are then evaluated183

under two conditions: normal, with full RGB input, and occluded, where a preprogrammed black184

mask is applied to task-relevant image regions. The occlusion mask is used only during evaluation,185

with the same mask size used across tasks.186

In simulation, we evaluate three dexterous manipulation tasks: pick-and-place, cube-push, and187

rotate-cross. Together, these tasks test object localization, contact-rich interaction, and robustness188

under partial observability. For real-world evaluation, we deploy the learned policies on an xArm6189

equipped with a LEAP Hand [37]. The hand includes 12 joint-mounted FSR sensors and 4 fin-190

gertip TwinTac sensors [29]. Visual observations are captured by two calibrated RealSense D435191
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Table 1: Simulation success rates (%). We evaluate multiple visuo-tactile fusion mechanisms
across downstream policy architectures and visual conditions. RGB-S denotes our image-aligned
tactile saliency representation. The best and second-best performances within each comparison
group are highlighted with lavender and blue backgrounds, respectively.

Policy
Architecture

Fusion
Mechanism

Pick-and-Place Cube-Push Rotate-Cross

Normal Occlud. Avg. Normal Occlud. Avg. Normal Occlud. Avg.

Behavior
Clone MLP

[38]

Vision-Only 7.4 0.0 3.7 33.3 0.0 16.7 10.0 2.0 6.0
Concat 13.2 0.0 6.6 41.7 0.0 20.9 28.0 6.0 17.0
FiLM [3] 6.6 0.0 3.3 50.0 3.3 26.7 8.0 0.0 4.0
CLiP [39] 3.3 0.0 1.7 38.3 3.3 20.8 28.0 2.0 15.0
Cross-Attn [40] 3.3 8.3 5.8 45.0 21.7 33.4 18.0 6.0 12.0
Ours (RGB-S) 18.2 6.6 12.4 48.3 21.7 35.0 40.0 24.0 32.0

Action
Chunk

Transformer
[13]

Vision-Only 58.7 0.0 29.4 75.0 1.7 38.4 66.0 16.0 41.0
Concat 67.8 5.8 36.8 80.0 0.0 40.0 92.0 20.0 56.0
FiLM [3] 36.4 0.8 18.6 71.7 13.3 42.5 60.0 18.0 39.0
CLiP [39] 38.0 19.0 28.5 60.0 48.3 54.2 68.0 40.0 54.0
Cross-Attn [40] 67.8 6.6 37.2 68.3 23.3 45.8 84.0 26.0 55.0
Ours (RGB-S) 63.6 13.2 38.4 81.7 45.0 63.4 88.0 26.0 57.0

Diffusion
Policy
[14]

Vision-Only 71.9 7.4 39.7 96.7 25.0 60.9 78.0 26.0 52.0
Concat 72.7 14.9 43.8 90.0 25.0 57.5 80.0 38.0 59.0
FiLM [3] 71.9 13.2 42.6 95.0 38.3 66.7 64.0 42.0 53.0
CLiP [39] 62.0 24.8 43.4 85.0 43.3 64.2 64.0 48.0 56.0
Cross-Attn [40] 42.1 34.7 38.4 71.7 46.7 59.2 70.0 52.0 61.0
Ours (RGB-S) 78.5 39.7 59.1 93.3 43.3 68.3 88.0 50.0 69.0

cameras. We evaluate three real-world tasks: pick-and-place, open-drawer, and flip-box, under both192

normal and occluded observation conditions. Details on demonstrations, tactile simulation, training193

hyperparameters, occlusion masks, and evaluation initialization ranges are provided in Appendix A.194

4.1 Simulation Evaluations195

To answer RQ1 regarding the effectiveness of our approach, we first evaluate RGB-S in simula-196

tion. Simulation provides a controlled and repeatable setting, allowing us to isolate the effect of197

visuo-tactile fusion from uncontrolled environmental variations. We instantiate RGB-S with three198

representative imitation learning policy classes: Behavior Cloning (BC) MLP [38], Action Chunk-199

ing Transformer (ACT) [13], and Diffusion Policy (DP) [14]. For each policy class, we compare200

RGB-S against several visuo-tactile fusion baselines, including vision-only input, tactile feature201

concatenation, FiLM modulation [3], CLIP-style alignment [39], and cross-attention [40].202

Table 1 reports success rates for the three simulation tasks under normal and occluded visual con-203

ditions. Overall, across tasks and policy architectures, RGB-S achieves the best or second-best204

performance in most settings. We make two main observations. First, simply incorporating tactile205

inputs does not always guarantee improved performance. Fusion baselines such as Concat, FiLM,206

CLIP-style alignment, and Cross-Attn improve performance in certain scenarios but degrade it in207

others, occasionally even underperforming vision-only policies. This suggests that, without an in-208

ductive bias linking touch to the visual scene, policies can struggle to assign semantic meaning209

to tactile measurements, especially for high-capacity fusion modules trained with limited imitation210

data [41]. RGB-S addresses this issue by representing touch as image-aligned saliency, providing211

contact signals with strong spatial and semantic correspondence to RGB features.212

Second, RGB-S is particularly beneficial under visual occlusion. While the performance of vision-213

only baselines degrades when task-relevant regions are masked, RGB-S remains resilient and consis-214

tently ranks among the top-performing approaches. This indicates that projected saliency provides215

semantically meaningful contact cues when visual evidence is incomplete. These results support216

RQ1: RGB-S is compatible with multiple imitation learning policies and provides robust visuo-217

tactile fusion, especially under partial observation.218

4.2 Real-World Deployment219

To answer RQ2, we evaluate real-world task performance using Diffusion Policy, given its superior220

overall performance in simulation. This experiment tests whether RGB-S remains effective under221

real-world dynamics and sensing imperfections. After collecting real-world demonstrations for three222
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Figure 3: Real world experiments with saliency rendered. We evaluate RGB-S on three real-
world dexterous manipulation tasks by attaching a fixed task-relevant visual mask after the high-
lighted interaction stage and comparing policy observations with and without tactile saliency.

Table 2: Real-world experiments. We evaluate policies across three tasks under both normal and
severely occluded visual conditions. Ours maintains high robustness when vision is compromised.

Method Pick & Place Open Drawer Flip Box Average (%)
Normal Occluded Normal Occluded Normal Occluded Normal Occluded

Vision-Only 9/20 0/20 12/20 4/20 13/20 2/20 56.7 10.0
Concat 9/20 1/20 10/20 6/20 14/20 1/20 55.0 13.3
Cross-Attn 4/20 0/20 6/20 4/20 11/20 11/20 30.0 25.0
Ours (RGB-S) 9/20 7/20 14/20 10/20 17/20 14/20 66.7 51.7

tasks and training policies, we evaluate them under two settings, Normal and Occluded, as shown in223

Fig. 3. For the Occluded setting, a software-defined black mask at a fixed position is applied to the224

object initialization region in the RGB image. Table 2 reports the real-world experimental results.225

Consistent with the simulation results, the proposed RGB-S achieves the highest overall success226

rates across the three tasks, with particularly pronounced advantages under visual occlusion. This227

validates that the benefits of RGB-S effectively transfer to real-robot deployments.228

4.3 Ablation on RGB-S Design Choices229

To answer RQ3, we ablate three key design choices in RGB-S: (1) the tactile saliency rendering230

strategy, to examine whether alternative rendering variants yield better performance; (2) spatial231

alignment between visual and tactile inputs, to evaluate robustness to projection errors; and (3) the232

visuo-tactile fusion architecture, to assess the effectiveness of the proposed fusion mechanism. We233

conduct all ablations using Diffusion Policy on the pick-and-place task and compare success rates234

across design variants.235

Ablation on RGB-S rendering variants. Our proposed force-aware RGB-S represents projected236

contacts as force-modulated Gaussian kernels. To validate this rendering design, we compare it237

with two alternatives in simulation: (a) RGB Overlay, which renders tactile cues directly on the238

RGB image while preserving a standard three-channel input; and (b) Binary RGB-S, which appends239

a fourth saliency channel but assigns a constant intensity to all active contacts, thereby encoding240

contact location without force magnitude.241

Table 3 summarizes the results. Under normal, unobstructed vision, the performance differences242

among the representations are relatively minor. Under occlusion, however, these differences be-243

come more pronounced: both tactile-augmented variants substantially outperform the vision-only244

baseline. In particular, Binary RGB-S demonstrates that encoding contact location alone already245
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Table 3: Ablation on tactile saliency map rendering.

Variant Normal Occluded Average
Vision-only 71.9 7.4 39.7
RGB Overlay 65.3 33.1 49.2
Binary RGB-S 65.3 27.3 46.3
Ours (Force-aware RGB-S) 78.5 39.7 59.1

Table 4: Ablation on spatial misalignment.

Setting Condition 0 px 25 px 50 px 100 px

Sim Normal 78.5 66.9 70.2 62.0
Occ. 39.7 32.2 24.0 9.9

Real Normal 9/20 8/20 5/20 5/20
Occ. 7/20 4/20 3/20 3/20

provides a strong geometric prior for manipulation. Nevertheless, force-aware RGB-S achieves the246

highest success rates in both visual settings, suggesting that continuous force magnitude conveys247

additional interaction information beyond binary contact.248

Ablation on spatial alignment. Table 4 quantifies the sensitivity of RGB-S to spatial misalignment.249

To this end, we introduce controlled pixel shifts (∆x,∆y) to tactile saliency map. The offset is fixed250

within each trial and randomly sampled across trials: for saliency map S ∈ RH×W , we construct251

S∆(x, y) = S
(
(x−∆x) mod W, (y −∆y) mod H

)
,

while leaving the RGB image unchanged. The results show that under unobstructed vision, the252

policy is resilient to spatial misalignment, experiencing only a mild decline even under severe tactile253

offsets. In contrast, under visual occlusion, performance degrades more significantly as the offset254

increases. Nevertheless, the overall success rate remains above 30% when the offset is below 25255

pixels, confirming that policy learning is generally robust to minor misalignment in tactile saliency.256

Ablation on fusion architecture. Finally, to examine the effect of early fusion with zero-initialized257

conditioning, we compare our design against commonly used intermediate- and late-fusion alter-258

natives: (1) Late Fusion, which processes RGB image and saliency map using two separate en-259

coders, then pools and concatenates latent features; and (2) Intermediate Fusion, which processes260

the saliency map with an independent lightweight convolutional encoder, and fuses the extracted261

tactile feature map into the main visual ResNet via element-wise addition at an intermediate stage.262

Table 5: Architecture ablation.

Architecture Normal Occ.
Late Fusion 73.6 35.5
Intermediate 73.6 22.3
Ours (Early) 78.5 39.7

As shown in Table 5, our early conditioning approach consistently263

achieves the highest success rates in both normal and occluded264

settings. In contrast, Intermediate Fusion suffers a severe per-265

formance drop under occlusion. Late Fusion remains robust to266

occlusion but yields lower performance in occluded visual con-267

ditions. These results confirm that introducing tactile saliency at268

the first visual layer provides the best balance.269

5 Limitations270

We identify several limitations of our framework. Since RGB-S relies on geometric projection, its271

performance depends on calibration quality and the accuracy of the robot configuration. In practice,272

achieving perfect image-space alignment remains challenging: uncompensated physical drift in the273

external setup, joint backlash, link deformation, and structural compliance during contact-rich inter-274

actions can all distort cross-modal alignment. Although our method shows robustness to moderate275

misalignment, future extensions could further alleviate these hardware constraints by integrating276

learnable kinematic offsets, online calibration, or uncertainty-aware tactile rendering.277

6 Conclusion278

In this paper, we introduced RGB-S, a visuo-tactile framework that bridges cross-modal asymmetry279

by projecting tactile contacts onto the 2D image plane as force-modulated saliency maps. Coupled280

with a zero-initialized conditioning mechanism, RGB-S embeds explicit spatial priors directly into281

standard visual encoders while preserving the integrity of pretrained representations. Across simula-282

tion and real-world experiments, RGB-S improves vision-based imitation learning, especially under283

visual occlusion. These results show that representing touch as image-aligned saliency is a simple,284

policy-agnostic, and effective approach for improving robustness in contact-rich manipulation.285
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Appendix Overview438

This appendix provides additional details on the experimental setup, simulation and real-world task439

configurations, qualitative analyses, fusion mechanisms, and downstream policy training.440

A. Experimental Setup and Task Details describes the real-world hardware platform, teleoperation441

interface, observation and action spaces, tactile sensing layout, and demonstration collection proto-442

col. It also details the simulation and real-world task configurations, including saliency generation,443

task initialization ranges, and demonstration statistics.444

B. Extended Discussions and Visualizations provides additional analyses of the proposed tactile445

saliency representation, including depth ambiguity in 2D projection, inference efficiency compared446

with 3D baselines, and Grad-CAM visualizations under visual occlusion.447

C. Saliency Fusion Ablation Details describes details of different saliency fusion architectures448

mentioned in Sec 4.3.449

D. Training Details of Fusion Mechanisms describes the implementation details of the evaluated450

visuo–tactile fusion baselines, including cross-attention fusion, FiLM modulation, and CLIP-based451

vision–tactile contrastive pretraining.452

E. Training Details of Downstream Policies summarizes the downstream policy backbones used in453

our experiments, including BC-MLP, ACT, and Diffusion Policy, together with their architectures,454

training objectives, and hyperparameters.455

A Experimental Setup and Task Details456

The complete physical setup, including the tactile sensor layout and camera viewpoints, is shown in457

Fig. 4. We use a unified teleoperation interface for both simulated and real-world data collection.458

The operator controls the xArm6 and LEAP Hand using a Meta Quest 3 headset for wrist tracking459

and visual feedback, together with a Manus Quantum Metaglove for finger-motion capture. Motion460

retargeting and data recording are built on the open-source ARCap framework [42]. For each task,461

we collect expert demonstrations covering the required manipulation behaviors and contact-rich462

interactions. Unless otherwise stated, evaluation uses a separate set of initial states that expands the463

demonstration initialization range to test robustness beyond the training distribution.464

All policies use the same observation and action interface in simulation and the real world. At each465

timestep, the observation contains proprioception, two RGB camera views, and tactile readings. The466

proprioceptive state is st = [qarmt , qhandt ] ∈ R22, including 6 arm joints and 16 hand joints. Each467

RGB image is center-cropped and resized to 224×224. For RGB-S policies, we additionally provide468

one saliency map per camera view at the same resolution. Unless otherwise stated, all models are469

trained on NVIDIA A40 GPUs and deployed on an NVIDIA RTX 4090 GPU.470

The tactile observation consists of 32 taxel readings from four TwinTac fingertip sensors [29] and471

12 FSR readings distributed across the hand: τt = [τ taxelt , τ fsrt ] ∈ R44, where τ taxelt ∈ R32 and472

τ fsrt ∈ R12. The policy outputs a 22-dimensional target command, at = [aarmt , ahandt ] ∈ R22. All473

demonstrations and policy rollouts are represented at 20 Hz.474

A.1 Simulation Task Details475

Saliency generation in simulation. In simulation, tactile signals are generated using a tactile476

simulator built on ETac [43]. The simulator computes hand-object contacts from signed distances477

between sampled hand-surface points and the object mesh. Points within a predefined contact band478

are treated as active contacts, and their force magnitudes are estimated using a spring-damper contact479

model with friction.480
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(a) Leap Hand Details (b) VR-based Teleoperation Setup

Realsense D4351 Meta Quest VR2

Leap Hand3

MANUS gloves4

TwinTac

FSR

Contact       
Detected!

Figure 4: Real-world teleoperation and deployment platform.

The simulator outputs compact tactile readings for the policy, as well as dense contact locations481

and associated force vectors for saliency rendering. Saliency maps are rendered using the image-482

space projection and max-aggregation procedure described in Sec. 3.2. In simulation, we use a483

force-dependent kernel width in RGB-S:484

σi = σmin + f̄i(σmax − σmin), (6)

where f̄i is the normalized force magnitude, σmin = 4, and σmax = 12. The resulting heatmaps are485

saved for each camera view.486

Pick and Place. The Pick-and-Place task evaluates whether a policy can grasp a cube-like object,487

lift it from the tabletop, and drop it into a target region. We collect 53 expert demonstrations, totaling488

20,212 frames. During demonstration collection, the cube’s initial position is uniformly sampled489

from a 12 × 12 cm region, as shown in Fig. 5d. For evaluation, we test policies on 121 initial490

states, including both in-distribution and out-of-distribution (OOD) cases; the OOD split expands491

the sampling region to 16× 16 cm.492

Cube Push. The Cube-Push task evaluates whether a policy can perform planar, contact-rich ma-493

nipulation by pushing a cube into a target slot. We collect 32 expert demonstrations, totaling 9,500494

frames. During demonstration collection, the cube is initialized uniformly within a 2×8 cm area on495

the tabletop, as shown in Fig. 5e. For evaluation, we test policies on 60 initial configurations, with496

cube positions uniformly sampled from a 2× 16 cm area.497

Rotate Cross. The Rotate-Cross task evaluates whether a policy can rotate a valve-like object498

through sustained contact. We collect 25 expert demonstrations, totaling 11,084 frames. During499

demonstration collection, the cross is initialized uniformly within a 10×10 cm area on the tabletop,500

as shown in Fig. 5f. For evaluation, we test policies on 50 initial configurations, with cross positions501

uniformly sampled from a 12× 12 cm area.502

A.2 Real Tasks Details503

Real-world saliency generation. Real-world policies use the common observation and action in-504

terface described in Sec. A. For RGB-S policies, saliency maps are generated from synchronized505

robot proprioception, tactile readings, and calibrated camera parameters. Unlike in simulation,506

where dense mesh contacts can be queried, real-world saliency is computed only from the physi-507

cal tactile sensing nodes on the hand: 4 × 8 TwinTac fingertip taxels and 12 FSR sensors, yielding508

44 projected tactile nodes in total. At each timestep, the 3D position of each tactile node is com-509

puted from the robot forward kinematics and its fixed local offset on the corresponding hand link.510
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(a) (b) (c) (d) (e) (f)

Figure 5: Initialization workspace of operational objects. The blue areas in real tasks and yellow
areas in simulation tasks are initial workspace of operation objects. (a) Pick and place (Real). It is
noteworthy that the bowl where the cube should be lifted in, is also randomly placed initially; (b)
Open drawer. (Real); (c) Flip box(Real); (d) Pick and place (Sim); (e) Cube Push (Sim); (f) Rotate
cross (Sim).

We calibrate the camera extrinsics using EasyHEC [44] and use the calibrated RealSense intrinsics511

for image projection. The projected tactile nodes are then rendered into image-space saliency maps512

using the same force normalization, Gaussian rendering, and max-aggregation procedure described513

in Sec. 3.2. This produces one saliency map for each camera view.514

Pick and Place. The task configuration is similar to that in simulation. The policy must grasp515

a randomly initialized cube on one side of the workspace and drop it into a specified bowl on the516

other side. We collect 48 expert demonstrations for this task, corresponding to 23,820 frames, with517

initializations shown in Fig. 5a. During demonstration collection, the cube is initialized randomly518

within a 20× 30 cm area on the tabletop.519

Open Drawer. The Open-Drawer task evaluates whether the dexterous hand can hook its fingers520

onto the edge of a partially opened drawer and pull it outward to complete the drawer-opening521

motion. We collect 48 expert demonstrations for this task, corresponding to 11,848 frames, with522

initializations shown in Fig. 5b. During demonstration collection, the drawer pose is initialized523

randomly within a 5× 30 cm area on the tabletop.524

Flip Box. The Flip-Box task evaluates whether the dexterous hand can use its fingers to manipulate525

a tissue box twice along its long edge, rotating it by a total of 180 degrees until its bottom face points526

upward. We collect 26 expert demonstrations for this task, corresponding to 12,125 frames, with527

initializations shown in Fig. 5c. During demonstration collection, the tissue box is initialized within528

a sector-shaped region with a radius of 35 cm on one side of the tabletop.529

B Extended Discussions and Visualizations530

In this section, we provide additional analyses and qualitative visualizations to discuss depth ambi-531

guity in our projection model (Sec. B.1), the efficiency analysis (Sec. B.2), and the policy’s attention532

mechanism under visual occlusion (Sec. B.3).533

B.1 Addressing Depth Ambiguity in 2D Projection534

A limitation of our kinematic projection model is its limited expressivity in representing the full535

3D contact location. In particular, contacts occurring on the side of the object facing away from536

the camera may still project onto the 2D foreground. This creates depth ambiguity: from a single537

2D saliency map, the model cannot determine whether a contact lies on the front or rear surface of538

the object, nor can it precisely distinguish which front or rear tactile sensor is activated. However,539

this ambiguity has little effect on overall performance across the tasks we evaluate, as reflected in540

Tables 1 and 2. We attribute this robustness to three factors. First, the policy has access to the 3D541

kinematic configuration of the robot fingers through proprioception, which provides information be-542

yond the projected saliency map. Second, visual observations are aggregated from multiple camera543

viewpoints, reducing reliance on any single ambiguous projection. Third, our network is robust to544

contact offsets, as analyzed in Table 4. As a result, the network is not required to infer the complete545

3D contact state from a single 2D view alone, and the limited expressivity of the projection model546

does not significantly degrade performance.547
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Table 6: Efficiency comparison per step. Denoising, pre-denoising, and overall time costs are
reported in milliseconds.

Model Denoising
Time (ms)

Pre-denoising
Latency (ms)

Overall
Time (ms)

Vision-Only 64.26± 0.01 10.10± 5.46 74.36

Concat 64.23± 0.00 10.23± 4.24 74.46

FiLM 64.24± 0.00 11.60± 3.31 75.84

CLiP 66.39± 0.00 7.81± 2.01 74.20

Point Cloud 76.72± 0.00 95.12± 7.83 171.84

Cross-Attn 64.56± 0.00 15.13± 3.96 79.69

Ours (RGB-S) 64.24± 0.00 21.06± 4.54 85.30

B.2 Computational Efficiency548

For real-time deployment, low inference latency is essential for high-frequency closed-loop con-549

trol. We compare RGB-S with the baselines across different inference stages. Beyond comparing550

visuo-tactile fusion mechanisms, this analysis contextualizes the efficiency of image-space tactile551

grounding against an alternative explicit 3D grounding strategy.552

RGB-S projects tactile contacts onto the 2D image plane and reuses a standard visual encoder. In553

contrast, a natural alternative is to introduce an explicit 3D geometric branch, where depth-derived554

point-cloud features are encoded separately and fused with RGB and tactile representations at the555

latent level. While this provides additional 3D spatial context, it typically requires depth input,556

point-cloud preprocessing, and a separate 3D feature extractor, which can introduce non-negligible557

latency in closed-loop deployment. As a reference, in addition to the baselines used in the main558

experiments, we include a 3D visuo-tactile policy following [45]. This policy uses RGB, depth, and559

tactile inputs by concatenating embeddings from pretrained modality-specific encoders. Specifically,560

it uses ResNet-18 for image features and PointNet [46] for point-cloud features.561

The efficiency comparison results are shown in Tab. 6, we first measure the denoising-stage inference562

cost after the global condition has been constructed. In this setting, the main difference is the563

conditional vector passed to the diffusion model. Most policies require about 64–66ms per control564

step. However, the 3D policy has a substantially longer conditioning vector due to the concatenated565

PointNet features, increasing its inference time to 76.72ms. In contrast, RGB-S and the vision-only566

baseline require only 64.24ms and 64.26ms, respectively.567

We also report pre-processing latency in Tab. 6, including all preprocessing and feature extraction568

before diffusion denoising. The 3D policy incurs the largest preprocessing cost, 95.12 ± 7.83ms,569

dominated by point-cloud processing: farthest point sampling and PointNet feature extraction to-570

gether take 68.23ms. RGB-S is much faster, with a preprocessing latency of 21.06 ± 4.54ms;571

saliency generation itself takes only 6.14 ± 1.89ms. These results show that forward-kinematics-572

based saliency computation is lightweight enough for real-time deployment and does not introduce573

a prohibitive latency burden.574

Overall, RGB-S offers a favorable efficiency–robustness trade-off. It preserves the denoising-stage575

speed of standard 2D visual diffusion policies while adding only modest preprocessing overhead for576

tactile saliency construction.577
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Figure 6: Grad-CAM result of tasks in simulation and real-world.
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B.3 Feature Attention Visualizations Under Occlusion578

To illustrate how the policy uses tactile cues under visual occlusion, we visualize feature attention579

with Grad-CAM [47] in Fig. 6. Red indicates stronger model attention, while blue indicates weaker580

attention. For each task, we compare Grad-CAM maps across models under normal and occluded581

settings.582

Under normal visibility, highlighted regions typically appear around the object and the robot hand.583

Under occlusion, baseline models tend to shift attention away from task-relevant regions. In contrast,584

RGB-S continues to focus near the hand, suggesting that it learns to rely on projected tactile cues585

when visual cues are unreliable.586

C Saliency Fusion Ablation Details587

We provide implementation details for the saliency-fusion ablation in Sec. 4.3. All variants use588

the same Diffusion Policy backbone, training hyperparameters, RGB observations, proprioceptive589

states, and rendered saliency maps. The only difference is where the saliency stream is injected into590

the visual conditioning pipeline, as described in Sec. 3 and illustrated in Fig. 7.591

Late fusion. The late-fusion variant treats the saliency map as an additional image-like modality.592

For each camera view, the RGB image and its corresponding saliency map are encoded by separate593

ResNet-18 encoders with the same spatial-softmax pooling interface. The saliency input is expanded594

to a 3-channel image to match the standard RGB encoder interface. The pooled RGB features,595

pooled saliency features, and other state inputs are concatenated after visual encoding to form the596

global condition for the diffusion U-Net. Thus, this variant increases the conditioning dimension but597

does not allow RGB and saliency features to interact before spatial pooling.598

Intermediate fusion. The intermediate-fusion variant injects saliency features inside the ResNet599

visual encoder. The saliency map is first passed through a lightweight mask-projection branch,600

implemented as convolutional layers that map the single-channel saliency input to the channel di-601

mension of an intermediate ResNet feature map. The projected saliency feature is then added to602

the corresponding RGB feature map through a zero-initialized projection layer before the remaining603

ResNet blocks are applied. This design follows a ControlNet-style residual conditioning formula-604

tion: the initial network behaves similarly to the RGB-only encoder, while the saliency residual is605

learned during fine-tuning [12]. Compared with late fusion, this variant allows feature-level inter-606

action between the two streams, but the saliency signal is introduced only after the earliest visual607

convolutions.608
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Figure 7: Fusion architecture details. (a) concat, where all features are concatenated to form the
global conditioning vector. (b) Late-fusion and (c) intermediate-fusion variants.

D Training Details of Fusing Mechanisms609

Cross-attention fusion. cross-attn is implemented following [40]. It encodes each camera610

image as a single visual token, projects the tactile vector into four tactile tokens, and projects the611
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Table 7: Downstream policy and training hyperparameters used in our configurations.

Policy Domain Obs.
steps

Pred.
horizon

Exec.
steps

Batch
size

Train
steps Optimizer Learning

rate
Weight
decay

BC-MLP Sim 1 1 1 64 120K AdamW 1× 10−4 1× 10−4

ACT Sim 1 16 8 64 120K AdamW 1× 10−5 1× 10−4

DP Sim 5 24 16 64 120K Adam 1× 10−4 1× 10−6

DP Real 5 24 16 64 120K Adam 1× 10−4 1× 10−6

proprioceptive state into three state tokens. All modality tokens are projected into a shared 128-612

dimensional hidden space and augmented with learnable view or modality embeddings. A set of four613

learnable latent queries attends to these tokens through 4-head cross-attention, followed by latent614

self-attention and a feed-forward block with a dropout rate of 0.1. The resulting latent features are615

mean-pooled, concatenated with skip projections of the raw proprioceptive state and tactile vectors,616

and mapped to a 256-dimensional global conditioning vector for each observation step.617

FiLM fusion. FiLM injects tactile information through two tactile-conditioned feature-wise mod-618

ulation blocks, applied separately to the proprioceptive state feature and the concatenated multi-619

view visual feature. For a feature stream of dimension d, the corresponding FiLM block takes620

the tactile vector ft as input and predicts 2d modulation channels using a lightweight projection,621

Linear(Mish(ft)). The output is split into a scale term γ(ft) ∈ Rd and a bias term β(ft) ∈ Rd,622

and the feature is modulated as x̃ = γ(ft) ⊙ x + β(ft). The final diffusion condition is formed by623

concatenating the tactile-modulated state feature, the tactile-modulated visual feature, and the tactile624

vector over the observation horizon.625

CLIP-based fusion. CLIP is implemented following [39] using a two-stage design. First, in the626

VT-CLIP pretraining stage, the vision encoder uses one ResNet-18 backbone per camera view, con-627

catenates the 512-dimensional per-view features, and projects them to a 256-dimensional visual628

feature. The tactile encoder takes a flattened tactile-history window of length 5 and maps it through629

a three-layer MLP with Mish activations to a 256-dimensional tactile feature. Both modalities are630

further projected to a 128-dimensional normalized contrastive space and trained with a symmetric631

CLIP loss. Second, during policy training, the pretrained VT-CLIP encoders are used as frozen fea-632

ture extractors. The extracted features are concatenated with the proprioceptive state and flattened633

across the observation horizon to form the global conditioning vector.634

E Training Details of Downstream Policies635

We evaluate three downstream policy backbones: BC-MLP [38], ACT [13], and DP [14] imple-636

mented based on Lerobot [48]. All policies use the same observation interface and action space if637

not mentioned in extra. Important training hyperparameters used in our configuration can be found638

in Tab. 7.639

BC-MLP. BC-MLP is a single-step behavior cloning policy [38]. Each vector modality is projected640

to a 256-dimensional feature. The per-modality features are concatenated across the observation641

history and passed through an MLP with hidden dimensions [512, 256], ReLU activation, dropout642

0.1, and an MSE action regression loss.643

ACT. ACT predicts an action chunk with a transformer encoder-decoder policy [13]. The trans-644

former uses a 512-dimensional hidden state, 8 attention heads, 4 encoder layers, and 1 decoder645

layer. Following the original ACT formulation, we enable the conditional VAE branch during train-646

ing. The VAE encoder takes the ground-truth action chunk together with the proprioceptive state647

and encodes them into a 32-dimensional latent variable. The policy decoder is then conditioned on648

this latent variable, visual features, and the proprioceptive state to reconstruct the action chunk. The649
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policy is trained with a L1 masked action reconstruction loss plus a KL regularization term. During650

inference, the VAE encoder is not used and the latent variable is set to the prior mean.651

DP. DP predicts an action trajectory using a conditional 1D denoising U-Net [14]. The diffusion652

U-Net uses channel dimensions [512, 1024, 2048], a kernel size of 5, group normalization with 8653

groups, a 128-dimensional diffusion-step embedding, and 100 DDPM denoising steps. During de-654

ployment, we execute the first 8 actions of each predicted action chunk and then replan with a new655

prediction.656
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