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Abstract— Acquiring aligned visuo-tactile datasets is slow
and costly, requiring specialised hardware and large-scale data
collection. Synthetic generation is promising, but prior methods
are typically single-modality, limiting cross-modal learning. We
present MultiDiffSense, a unified diffusion model that synthe-
sises images for multiple vision-based tactile sensors (ViTac,
TacTip, ViTacTip) within a single architecture. Our approach
uses dual conditioning on CAD-derived, pose-aligned depth
maps and structured prompts that encode sensor type and 4-
DoF contact pose, enabling controllable, physically consistent
multi-modal synthesis. Evaluating on 8 objects (5 seen, 3 novel)
and unseen poses, MultiDiffSense outperforms a Pix2Pix cGAN
baseline in SSIM by +36.3% (ViTac), +134.6% (ViTacTip),
and +64.7% (TacTip). For downstream 3-DoF pose estimation,
mixing 50% synthetic with 50% real halves the required real
data while maintaining competitive performance (R>: ViTac
0.940 vs. 0.919 real-only; ViTacTip 0.937 vs. 0.982; TacTip
0.784 vs. 0.794). MultiDiffSense alleviates the data-collection
bottleneck in tactile sensing and enables scalable, controllable
multi-modal dataset generation for robotic applications.

I. INTRODUCTION

Robots require both vision and touch to interact safely
and effectively with the physical world, supporting tasks
such as object recognition [1], texture discrimination [2],
and force estimation [3]. Vision provides global, long-range
context but is brittle under occlusion and specular reflections,
whereas tactile sensing offers local contact geometry, slip,
and force cues but is inherently short-range. Combining these
modalities enables more robust perception and control in
contact-rich tasks.

Among tactile sensing solutions, vision-based tactile sen-
sors (VBTSs) treat touch as an imaging problem: an em-
bedded camera observes a deformable skin under controlled
illumination to recover contact geometry and related cues
[4]. This imaging-based mechanism has enabled the devel-
opment of diverse tactile robotic end-effectors for contact-
rich manipulation tasks [5]-[7]. Based on this shared mech-
anism, VBTS designs can be categorized according to their
sensing principles. Following a modality-driven taxonomy
[8], we distinguish: (i) Intensity Mapping Method (IMM),
which infers shape or pressure from spatial variations in
reflected light [9]; (ii) Marker Displacement Method (MDM),
which measures deformation by tracking printed or embed-
ded markers [10]; (iii) Modality Fusion Method (MFM),
which employs transparent “see-through” skins and tailored
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illumination to expose the contact interface and fuse visual
appearance with tactile cues [11]. These sensing principles
emphasize complementary physical cues, and many widely
used sensors integrate them in different configurations. As a
result, spatially and temporally aligned multi-modal datasets
are critical for consistent learning and cross-modal general-
ization across heterogeneous tactile modalities.

In this work, we focus on TacTip (MDM), ViTac
(IMM+MFM), and ViTacTip IMM+MDM+MFM) as repre-
sentative VBTS modalities for multi-modal data generation.
TacTip employs internal markers to measure deformation
[10]. ViTac removes internal markers and leverages a trans-
parent skin to enable direct visual observation of the contact
interface [12]. ViTacTip integrates both mechanisms within
a single unit, combining transparent skin and biomimetic
markers to synchronize visual and tactile evidence [12].
Related see-through designs further highlight the advantages
of exposing the contact interface for multi-modal infer-
ence [13]. These sensors emphasize complementary cues
and therefore suit different tasks: TacTip provides accurate
shear and indentation estimates for slip detection; ViTac
captures high-fidelity contact appearance and geometry for
object and texture recognition; and ViTacTip balances both
signals within a unified sensing platform. Spatial alignment
across these modalities enables cross-modality conversion
(ViTac<>TacTip«>ViTacTip), allowing a single generative
model to produce the modality required by a downstream
task without hardware modification. However, acquiring
large-scale aligned datasets across these modalities remains
a major bottleneck. Physical tactile data collection is costly,
time-consuming, and accelerates sensor wear due to repeated
contact cycles [14], [15], limiting the scalability of tactile
learning and deployment.

To address this bottleneck, some researchers have pursued
synthetic tactile data generation through simulation-based
methods that consist in modelling the physics behind sensor-
object interaction to simulate a digital version of the sensor
and render synthetic tactile images [16]-[19]. However,
although these simulators are physically grounded, the gen-
erated images often lack realism, exhibiting a significant
sim-to-real gap due to the difficulty of accurately model-
ing soft-body deformations and complex optical effects. To
mitigate this gap, learning-based approaches have emerged
that train data-driven generative models to synthesize tactile
data. These methods have evolved from conditional GANs
[20]-[23] to conditional diffusion models [24]-[26]. While
these approaches improve visual realism, they remain largely
constrained to single sensor modalities.
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This single-modality limitation poses a fundamental chal-
lenge for tactile sensing research, where robotic platforms of-
ten employ diverse sensor configurations tailored to specific
applications and hardware constraints. For example, some
systems integrate separate visual cameras and tactile sensors,
requiring spatially aligned visual-tactile pairs for down-
stream learning [27]. Others deploy heterogeneous VBTSs,
such as ViTac, TacTip, and ViTacTip, and require aligned
data across modalities to enable cross-modal mapping and
modality conversion, as demonstrated by Zhang et al. [28].
However, there is currently no unified generative framework
capable of producing spatially aligned and physically con-
sistent synthetic data across heterogeneous VBTSs within a
single model. Addressing this gap is essential for scalable
multi-modal dataset generation, cross-sensor policy transfer,
and flexible deployment across robotic platforms.

To bridge this gap, we present MultiDiffSense, a unified
generative framework that synthesizes spatially and tempo-
rally aligned ViTac, TacTip, and ViTacTip sensor data within
a single architecture. This work makes three contributions:

1) Unified generative framework for multi-modal
VBTS data. We present MultiDiffSense, a diffusion-
based approach that synthesises aligned images for
ViTac, TacTip, and ViTacTip within a single model,
enabling multi-modal learning and sensor fusion.

2) Physically grounded, controllable conditioning. Our
method conditions on object shape (pose-aligned
depth) and contact pose (sensor type and 4-DoF con-
tact), providing geometry-aware control and physically
consistent synthesis across heterogeneous sensors.

3) Empirical validation across sensors and tasks. We
evaluate on multiple VBTS families, unseen poses, and
novel objects, and demonstrate benefits for downstream
pose estimation when synthetic data are mixed with
real data.

II. RELATED WORK
A. Single-Output Tactile Image Generation

1) Conditional GANs: Early work framed tactile genera-
tion as vision-to-tactile translation with conditional GANs.
Lee et al. [20] trained bidirectional cGANs on ViTac Cloth,
achieving SSIM = 0.9 but requiring 96,536 aligned samples
and focusing on cloth. Li et al. [22] scaled to 195 objects yet
still needed extensive webcam—GelSight pairing [4]. Patel et
al. [23] used depth image, reaching SSIM ~ 0.8 with 578
samples, but validated only on objects with simple features.

2) Conditional Diffusion Models: Diffusion models pro-
vide higher fidelity/diversity and more flexible conditioning
than GANSs. Higuera et al. [24] outperformed cGANs on
braille classification (75.74% vs. 31.18%); however, because
their model lacked physical conditioning (e.g., force or
contact masks), it benefited from additional fine-tuning on
real data. Lin et al. [25] incorporated force signals, and Luo
et al. [26] proposed ControlTac, which leverages Control-
Net [29] to generate tactile images from force data, contact
masks, and a reference tactile image. These physical priors

improve controllability and realism for state-of-the-art single-
modality generation. However, all approaches remain single-
modality, preventing the generation of aligned multi-modal
datasets needed for robust fusion-based perception.

B. Multi-Modal Tactile Image Generation

Multi-modal sensing, especially combining vision and
touch, often outperforms single modalities in robotics. Such
systems require datasets in which modalities are spatially and
temporally aligned to capture the same interaction. However,
existing aligned resources (e.g., ObjectFolder 2.0 [30], Vi-
Tac [31], Touch-and-Go [32]) remain limited in scale and
coverage relative to contemporary vision corpora, constrain-
ing robust fusion and cross-sensor generalisation. This limi-
tation motivates the development of multi-modal data gener-
ation methods capable of synthesizing aligned visuo—tactile
observations conditioned on object geometry and contact
pose. Such methods can augment training data, facilitate
cross-modality conversion, and reduce reliance on costly
real-world data collection.

Extending generative models from single to multi-modal
synthesis to produce large aligned datasets poses key chal-
lenges: (i) temporal alignment across sensors with differ-
ent rates and noise; (ii) cross-modal physical consistency
(e.g., visual slip should correlate with tactile shear); and
(iii) a unified conditioning representation, since features
salient in one modality may not transfer to another. Training
separate models per modality scales as O(N) and cannot
guarantee cross-modal physics. Sequential conditioning ap-
proaches [33], where one modality is generated first and
others conditioned on it, mitigate some issues but suffer from
error propagation and neglect the inherently bidirectional
nature of multi-sensory relationships

III. METHODS

We address the task of multi-sensor modality image gener-
ation for robotic perception, where the goal is to synthesise
TacTip, ViTac, and ViTacTip sensor outputs under precise
geometric and spatial control.

A. Preliminary

Latent Diffusion Models (LDMs) [34] are a type of
diffusion models that operate in the latent space of a pre-
trained autoencoder D(E(.)) where E is the encoder and
D is the decoder. Stable Diffusion (SD) is an LDM con-
ditioned on text. It is composed of a Vector Quantised-
Variational AutoEncoder (VQ-VAE), a time-conditioned U-
Net denoising network, and a CLIP text encoder that maps
a text prompt into a textual embedding condition Ciey [35].
During training, given an image I and text condition Cieyy,
the encoded image latent zo = E(I) undergoes diffusion
over T timesteps where noise sampled from a pure Gaussian
distribution € «~ N(0,1) is gradually applied to it to pro-
duce the noisy latent zp. The SD model learns the reverse
denoising process via the following training objective:

L= EZOvtvclexheHe - 69(2t7 L, Ctexl)”% (D
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Fig. 1. Framework Overview. The model takes a CAD file and textual prompt as inputs. The CAD model is converted into a pose-aligned depth map
(control image) fed via zero-convolutions into the ControlNet branch as the geometric condition. The text prompt is encoded with CLIP and injected into
the UNet via cross-attention. The decoder then refines the latents based on both conditions to generate an image reflecting the desired object geometry,

contact pose, and sensor modality.

where ¢ = 1,..,T is the diffusion timestep and €y is the
predicted noise. SD has a U-Net architecture which accepts
the noisy latent z; and the text embedding condition Cieyy,
as input. After training, a deterministic sampling process
(e.g., DDIM [36])can be applied, to generate 2, the denoised
latent and pass it through the decoder D to generate the final
image.

ControlNet [29] extends SD to allow conditioning the
diffusion process on a control image beyond just text prompt.
To achieve this, it creates a trainable copy of SD’s encoder
and middle blocks that can process the control image (e.g.
depth maps, edge maps etc). The output of each block is then
fed into the original UNET through zero-convolution layers.
and inject this geometric information into the generation
process. By including an additional condition Cjpage, the
diffusion model’s learning objective therefore becomes:

L= EZQ,t,mel,Cimagc,e| |E - GO(Zt; t, Ctexta Cimage)”% (2)

B. Model Architecture

MultiDiffSense builds on the ControlNet framework inte-
grated with SD v1.5 to allow dual conditioning on textual
prompts and geometric depth maps. An overview of Multi-
DiffSense’s framework is shown in Fig. 1.

Model Input: Our method takes two inputs: (1) a struc-
tured textual prompt Cley, that specifies the sensor modality
m € {TacTip, ViTac, ViTacTip} and contact pose p defined
by 4 degrees of freedom (x,y,z,6,), and (2) a control
image Cimyee € R¥*W containing a pose-aligned depth
map rendered from the CAD model at pose p, where H
and W are the height and width of the image, respectively.
The contact pose parameters are defined in the sensor-
centred coordinate frame with the z-axis pointing outward
from the sensor surface as: z,y € [—5,5] mm representing
horizontal displacement from the sensor centre, z € [—1, 1]
mm representing indentation depth, and 6, € [—90,90]
representing yaw rotation about the sensor’s z-axis. Our ob-
jective is to learn a generator GGy that models the conditional
distribution P(I,, | Ciext; Cimage)» Where I, € RFTXWx3 jg

the generated RGB tactile sensor image for modality m given
the conditions Ciexy and Cimage-

This dual conditioning allows the model to be guided
by both semantic properties (via text prompts) and geo-
metric configuration (via CAD-derived depth maps) with
textual conditioning (C'ex,) mainly functioning as a modality-
selection mechanism that supports unified multi-sensor gen-
eration, while depth map conditioning (Cimage) ensures real-
ism and spatial alignment. Importantly, because the 4-DoF
pose p in Ciey corresponds exactly to the object pose in
C'image, the model learns a cross-modal mapping between lan-
guage and spatial layout, enabling accurate and controllable
image synthesis without requiring force readings, contact
masks, or reference tactile images. Images are first encoded
into a latent space (64 x 64 x 4) via a variational autoencoder
(VAE). The U-Net denoising network operates within this
latent space, gradually refining noisy latents over multiple
timesteps before decoding back to full 512 x 512 pixel
images. Multi-scale attention layers facilitate interactions
between text, geometry, and latent features.

Textual pathway: Structured prompts Cley are encoded
using a pre-trained CLIP text encoder, producing a 512-
dimensional embedding. These embeddings are injected via
cross-attention at multiple U-Net levels, providing fine-
grained semantic and modality-specific guidance.

Geometric pathway: The raw CAD model of the desired
object goes through a processing pipeline to generate a depth
map that is aligned with the 4-DoF pose p given in the
textual prompt. The resulting CAD-derived depth map Cimage
is then fed into a parallel ControlNet encoder branch and
the obtained feature maps are injected into the main SD
v1.5 UNET via zero-convolutions. This ensures that harmful
noise is not added to the deep features of the pre-trained
SD v1.5 model at the beginning of training and therefore
protects the trainable copy from being damaged. The depth
maps provide structural constraints independent of sensor
artefacts, enabling the model to gradually learn geometry-
consistent image generation.

Conditions fusion. At inference time, to combine un-
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Fig. 2. Control Image Processing Pipeline. The pipeline takes an STL file, target image and a CSV log of end-effector poses (pose annotations) as inputs
and consists of four stages: (1) Use STL file to render depth map and preprocess it to extract clean object masks; (2) Align robot coordinates to image pixels
via centroid mapping; (3) Scale XY translations using workspace calibration, Incorporate Z-axis depth through geometric scaling and intensity modulation,
and Apply yaw rotation using 2D rotation matrices; (4) Centre alignment error is minimised to < 5 pixels (=0.6 mm)

{
"sensor_context": "captured by a high-resolution
vision-based tactile sensor ViTac.",
"object_pose": {"x": 3.17, "y": 0.97, "z":
-0.49, "yaw": 89.9}

Fig. 3. Example of Structured Textual Prompt

conditional and dual-conditioned predictions, classifier-free
guidance is employed as per the original implementation
of ControlNet [29], allowing control over adherence to
conditioning while maintaining generative diversity:

(3)
where €preq is the final model output, €yncona is the uncon-
ditional noise prediction, €.onq is the conditional prediction

incorporating both text and control conditioning, and wcg, is
the guidance weight controlling conditioning strength.

€pred = €uncond + Wefg (econd - 6uncond) 5

C. Data Conditioning Pipeline

1) Control Image Generation: To generate control images
Cimage for ControlNet training, we developed a multi-stage
pipeline that transforms CAD models into pose-aligned depth
maps with geometric consistency validation. The pipeline
addresses coordinate system ambiguity, implements adaptive
calibration, and incorporates error correction feedback. A
detailed diagram can be found on Fig. 2.

2) Textual Prompt Generation: Structured textual prompts
Ciexy Were written in JSON format to capture both semantic
and spatial information. They included both the 4-DoF
contact pose and the desired sensor modality. An example
prompt is shown in Fig. 3.

IV. EXPERIMENTS AND RESULTS
A. Dataset Introduction

We train and test the model on the ViTacTip, Tac-
Tip and ViTac datasets [12]. The collection process con-
sisted in mounting each sensor as the end effector of
the Dobot MG400 desktop arm and collecting data as
the contact poses were varied from [—5,—5,—1,—90] to

[5,5,1,90] with [X(mm),Y (mm), Z(mm),6(°)]. For each
object—sensor pair, 500 images were collected.

To build our dataset, five objects with different geometric
complexity and contact patterns were selected from the
original datasets [12]: straight edge (linear), cuboid (planar),
sphere (curved), Pacman shape (mixed convex/concave), and
hollow cylinder (internal/external curvature). This yielded
2,500 samples per modality and 7,500 total (i.e., 500 frames
x 5 objects x 3 modalities). Poses p were synchronised
across sensors to ensure aligned multi-modal samples. For
each object, we generate pairs of pose-aligned depth maps
and structured text prompts for each modality matched to
corresponding ground-truth tactile images during training
and testing.

B. Experimental Setup

We adopt a stratified 70/15/15 train-validation-test split
to ensure robust evaluation while preserving cross-modal
correspondence. In total, 5,250 samples are used for training,
1,125 for validation, and 1,125 for testing (corresponding
to 1,750/375/375 per modality). Splits are performed at the
(object, pose) level such that, for any given object-pose pair,
the corresponding TacTip, ViTac, and ViTacTip images are
assigned to the same partition. This strategy preserves spatial
alignment, enables learning of cross-modal relationships, and
prevents data leakage across splits.

MultiDiffSense Training. All experiments were imple-
mented in PyTorch 1.10/Python 3.9 and trained on a single
NVIDIA A100 (80 GB, CUDA 12.0) with 512x512 inputs.
We used AdamW (Ir=1x10"5), DDIM with a linear noise
schedule, and batch size 8. Early stopping (patience=10)
governed training (max 78,840 steps). Following Control-
Net [29], we initialise from SD vl1.5: the original U-
Net is frozen; a parallel ControlNet branch is initialised
with the same pre-trained weights; and the zero-convolution
layers linking ControlNet to the U-Net are zero-initialised
to stabilise training while preserving pre-trained generative
capacity.
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Baseline Model Training. We adopt Pix2Pix cGANs [37]
as the baseline, following Fan et al. [12]. Models are trained
on identical splits with the same depth-map conditioning as
MultiDiffSense. Because cGANS lack text-prompt condition-
ing, we train three separate models (TacTip, ViTac, ViTac-
Tip), each mapping depth to its target modality. Training
uses vanilla adversarial loss plus L reconstruction (A=100),
batch size 8, and 256 X256 inputs. Each model is trained for
300 epochs with an initial learning rate of 2x10~* for 200
epochs, linearly decayed to 0 over the final 100 epochs.

C. Evaluation Metric

We assess generation quality with five complementary
metrics. Pixel fidelity is measured by MSE and PSNR
between generated and ground-truth images. Structural fi-
delity uses SSIM, capturing local luminance, contrast, and
structure relevant to contact geometry. Perceptual similarity
is evaluated with LPIPS, and distributional realism with FID
computed on feature distributions of real vs. generated sets.
For downstream utility, we assess pose prediction accuracy
on held-out real tactile data using MSE, RMSE, MAE, and
R? over (X, Z,0.), measuring how well synthetic images
preserve the geometric information required for robotic per-
ception.

D. Main Results

1) Seen Objects (Unseen Poses): We evaluate our MultiD-
iffSense framework on its ability to generalise to unseen con-
tact poses for objects encountered during training. As shown
in Table I, MultiDiffSense demonstrates strong performance
across all three sensor modalities, significantly outperforming
the Pix2Pix cGAN baseline. Our method achieves higher
SSIM (0.919, 0.877, 0.768 for ViTac, ViTacTip, TacTip) and
substantially lower LPIPS and FID, confirming the superior
perceptual and distributional quality of our generated images.

However, performance varies across sensor modalities, and
this variation appears to correlate with the level of abstraction
required to model each modality. ViTac, which primarily
captures visual cues related to object appearance, shape, and
pose, achieves the highest SSIM scores (0.919 for seen ob-
jects and 0.912 for unseen objects). This is expected given its
more direct geometric correspondence with the input depth
maps. In contrast, TacTip yields lower SSIM scores (0.768
and 0.741, respectively), reflecting the increased difficulty
of synthesizing purely tactile deformation patterns, which
exhibit a more indirect relationship to geometric depth in-
formation. ViTacTip demonstrates intermediate performance
(0.877 and 0.835), balancing the geometric clarity of visual
cues with the additional structural complexity introduced by
tactile markers.

2) Unseen Objects: To evaluate the ability of MultiDiff-
Sense to generalise to completely novel objects, a critical
requirement for real-world deployment, we tested models
on three objects unseen during training (300 samples total,
100 per object). As shown in Table II, MultiDiffSense
maintains robust performance. While metrics show expected
degradation compared to seen objects (e.g., SSIM dropping

TABLE I. Seen objects, unseen poses: performance across tactile modalities
(ViTac, ViTacTip, TacTip). We compare MultiDiffSense (single unified
model) with Pix2Pix cGAN (separate per modality). Metrics are meanzstd;
1/ denote higher-/lower-better; best per metric—-modality in bold.

Metric ‘ Model ) ViTac ViTacTip TacTip
SSIM 1 | MultiDiffSense | 0.919 + 0.022  0.877 & 0.024  0.768 =+ 0.058
I Pix2Pix cGAN | 0.678 + 0.028  0.362 & 0.015  0.450 =+ 0.012
PSNR 1 I MultiDiffSense | 28.27 + 3.10  25.74 + 2.06  22.61 + 2.33
! Pix2Pix cGAN ' 20.57 092  17.38 £ 0.242  14.87 4 0.28
MSE | ‘ MultiDiffSense ‘ 0.002 £ 0.003  0.003 & 0.002 0.006 + 0.004
| Pix2Pix cGAN | 0.009 & 0.003  0.018 = 0.001  0.033 = 0.002
LPIPS | | MultiDiffSense | 0.091 £ 0.031  0.059 & 0.012  0.141 + 0.035
I Pix2Pix cGAN | 0.285 & 0.028  0.251 4 0.010  0.235 + 0.016
FID | I MultiDiffSense | 17.287 2212 26.021
' Pix2Pix ¢cGAN | 175.505 46417 93.445

TABLE II. Quantitative results on unseen objects across three tactile
modalities (ViTac, ViTacTip, TacTip). Best per metric—-modality in bold.

Metric ‘ Model ‘ ViTac ViTacTip TacTip
ssiv ¢ | MuldDiffSense 0912 + 0.013  0.835 + 0.030  0.741 + 0.066
| Pix2Pix cGAN | 0.669 + 0.015  0.356 + 0.012  0.450 + 0.012
PSNR 1 I MultiDiffSense | 27.314 + 2.146  23.530 + 1.608  21.296 =+ 2.575
' Pix2Pix cGAN ' 20.165 4 0.462  17.163 £+ 0.217  14.871 + 0.271
MSE | | MultiDiffSense | 0.002 = 0.001  0.005 = 0.002  0.009 £ 0.006
| Pix2Pix ¢<GAN | 0.009 £ 0.001  0.019 & 0.001  0.033 & 0.002
Lpips | | MultiDiffSense | 0.116 £ 0.019  0.074 £ 0.015 0152 £ 0.040
| Pix2Pix cGAN | 0307 + 0.020 0255 + 0010  0.241 + 0.018
FID | I MultiDiffSense ! 60.342 2.798 28.833
' Pix2Pix ¢<GAN ' 185.995 55459 90.946

from 0.877 to 0.835 for ViTacTip), the model generalises rel-
atively well across all modalities. The performance hierarchy
across sensors remains consistent, with ViTac achieving the
best results (SSIM: 0.912) and TacTip the most challenging
(SSIM: 0.741).

Critically, our framework substantially outperforms the
Pix2Pix cGAN baseline across all metrics and modalities.
Fig. 4 and Table II illustrate this performance gap clearly,
with MultiDiffSense achieving an averaged SSIM of 0.829
across the three modalities compared to the baseline’s 0.492,
and a lower averaged LPIPS (0.114 vs 0.268).

3) Comparative Analysis: Advantages over Pix2Pix
Baseline: Our MultiDiffSense demonstrates superior per-
formance through two key architectural advantages. First,
generation quality; visual inspection reveals that cGAN-
generated images suffer from substantial blur and noise
artefacts, particularly affecting object boundaries. In contrast,
MultiDiffSense produces sharper, more realistic tactile pat-
terns that better preserve geometric information crucial for
downstream robotic tasks. This most likely stems from the
iterative denoising process that allows gradual refinement
through multiple steps, compared to cGANs’ single-step
generation that struggles to bridge the substantial semantic
gap between geometric depth maps and complex sensor
images.

Second, background consistency: cGANs exhibit severe
deformation of sensor background regions (Fig. 4) as the
generator prioritises foreground object generation, leading to
inconsistent spatial reconstruction. MultiDiffSense benefits
from SD’s extensive pre-training on natural images, pro-
viding rich structural priors that maintain spatial coherence
(i.e. undeformed background) and promote smoother image
structures through the denoising objective.
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Fig. 4. Visualisation of image generation result on unseen objects across three tactile sensor modalities (ViTacTip, ViTac, TacTip). Red dashed boxes
highlight regions where the methods differ: MultiDiffSense better preserves contact geometry, marker patterns, and lighting.

TABLE III. Pose estimation performance comparison across sensor modalities and training dataset types. Mixed datasets achieve performance comparable
to or superior to real-only training. Best results for each row (per component) for each metric are shown in bold.

Modality | C . Real Dataset Mixed Dataset Synthetic Dataset
b MSE| [ RMSE| [ MAE | | R®1T | MSE| | RMSE | | MAE | | R21 | MSE | | RMSE | | MAE | R 1
X 3.607 1.899 1.500 0.610 4.333 2.081 1.636 0.532 6.182 2.486 1.992 0.332
TacTip Z 0.066 0.258 0.221 0.789 0.028 0.166 0.129 0.912 0.279 0.528 0.475 0.112
0. 42.527 6.521 5.532 0.982 | 221.682 14.889 5.700 0.907 | 602.863 24.553 13.818 0.748
X 0.183 0.428 0.309 0.980 0.131 0.361 0.280 0.986 0.903 0.950 0.761 0.902
ViTac Z 0.068 0.261 0.213 0.782 0.051 0.226 0.183 0.837 0.594 0.770 0.689 -0.893
0. 15.130 3.890 3.037 0.994 6.755 2.599 2.123 0.997 15.041 3.878 2.900 0.994
X 0.171 0.413 0.314 0.982 0.348 0.590 0.436 0.962 14.716 3.836 3.031 -0.591
ViTacTip Z 0.010 0.102 0.085 0.967 0.047 0.217 0.181 0.850 0.143 0.378 0.299 0.545
0. 4.432 2.105 1.703 0.998 4.250 2.062 1.751 0.998 | 37.678 6.138 4.699 0.984

Advantages over Existing Cross-Modal Approaches:
Compared to existing cross-modal tactile sensing methods
using Pix2Pix cGANs like Fan et al. [12], MultiDiffSense
offers significant practical advantages through its unified
architecture. Where traditional approaches require training
separate Pix2Pix cGANSs for each cross-modal conversion
task, our single conditional diffusion model handles all three
modalities through text-based specification. This unified ap-
proach provides two key benefits: (1) reduced training com-
plexity and computational overhead by eliminating multiple
model training, and (2) inherent scalability since incorpo-
rating new sensor modalities requires only adjusting textual
conditioning rather than training entirely new conversion
models for each sensor pair. These advantages collectively
explain why MultiDiffSense achieves superior performance
across all evaluation scenarios, demonstrating its potential for
practical robotic applications requiring high-fidelity multi-
modal tactile image generation.

4) Pose Estimation Downstream Task: To assess the real-
ism and utility of generated images, we evaluated synthetic
data on pose estimation, a representative robotic task that
tests whether synthetic tactile data retains fine-grained geo-
metric information necessary for downstream robotic tasks
such as tactile servoing [38]. Fan et al [12] showed that
images collected using ViTac, ViTacTip and TacTip sensors
can be used to train a ResNetl8 model to achieve accurate
edge pose regression. Following their evaluation protocol,
we conducted pose regression experiments where models
estimate the sensor’s pose relative to a cylindrical edge from

tactile images. If tactile images generated by MultiDiffSense
preserve sufficient geometric and contact information, they
should enable successful pose estimation comparable to real
data [12], [39].

We trained ResNetl8 to estimate three pose parameters:
horizontal displacement X from the sensor centre, indenta-
tion depth Z, and yaw angle 6, about the Z-axis. Our dataset
comprised 500 tactile images per sensor modality with pose
values sampled within [-5, 5] mm for X, [-1, 1] mm for
Z, and [-90, 90] degrees for 6,. We used 80% for training
and 20% for testing. Training employed photometric data
augmentation (grayscale conversion, sharpness adjustment,
colour jitter, and Gaussian blur) while avoiding geometric
transformations that would alter the ground truth pose labels.
Models were trained for 100 epochs using AdamW optimiser
(lr:1><10*4), with L, loss and a batch size of 8.

Three training regimes were compared: 100% real dataset,
100% synthetic dataset, and a mixed dataset with 50% real
data and 50% synthetic data. For each regime, three separate
models were trained, one for each sensor modality, to en-
able separate evaluation of the diffusion model’s generation
quality for each sensor type.

The results shown in Table III demonstrate the feasibility
of using MultiDiffSense for tactile data augmentation while
revealing important sensor-specific performance variations.
Mixed datasets frequently achieve performance comparable
to or superior to real-only training, particularly evident in
ViTac’s X-displacement (0.361mm vs 0.428mm) and Tac-
Tip’s Z-displacement estimation (0.166mm vs 0.258mm).
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TABLE IV. Ablation 1: Impact of geometric Control (CAD-derived depth)
on MultiDiffSense. Evaluated on seen objects—unseen poses and unseen
objects. Best results are bolded. Metrics are mean=std over three runs.

TABLE V. Ablation 2: Impact of prompt length on reconstruction quality
for seen and unseen objects. Best results per case are bolded.

Seen Objects Unseen Objects

Metric |
Metric ' Seen Objects ' Unseen Objects : Short Prompt (1)  Long Prompt (2) : Short Prompt (1)  Long Prompt (2)
j Control-only Prompt + Control j Control-only Prompt + Control SSIM T 0.8768 0.8394 ! 0.8349 0.8069
SSIM T | 0852+ 0.001  0.853 £ 0.001  0.820 £ 0.001 0812 % 0.001 lﬁgj SR S P 629003
FID | ' 2464 £0050  2.021 £ 0035 ' 3224 + 0274 3.866 + 0.021 LPIPS L | 00593 e B o500
FD| 2.212 2.1993 ] 2.7982 3.5497
1 . 3 1
. . . .. ' Seen Objects Unseen Objects i
This suggests that adding synthetic data to the training : Shm’ Loz Short  Long |
dataset introduces cleaner representations of the underlying i Real  pinpt Prompt | R Prompt Prompt !
. . . . . . 1 1
geometric relationships between tactile inputs and object ' ; . |
; . Hollow | R 1 Moon
poses, preventing the model from overfitting to sensor- Cylinder ; : : _, |
specific noise in real data. |
However, purely synthetic training shows degraded per- Edge | ECYslzgger
formance, with TacTip’s yaw estimation being most severely
o o . . . : 1
affected (24.553° vs 6.521° for real data). This indicates that Sphere | @ @ % | Random
while synthetic images contain sufficient geometric informa- ! T g :

tion for effective data augmentation, complete replacement of
real tactile data remains challenging, particularly for VBTS
with strictly tactile sensing where complex deformation
patterns are difficult to synthesise accurately.

E. Ablation Studies

1) Effect of the additional geometric condition: To evalu-
ate the impact of dual conditioning versus single condition-
ing, we trained two model variants: (1) control-only using
geometric conditioning alone through the control image, and
(2) dual conditioning combining textual prompts with control
image. Both variants were trained using identical architecture
and hyperparameters, with test results averaged over three
independent runs and reported in Table IV. To isolate the
contribution of each conditioning configuration while min-
imising computational overhead, the ablation variants were
trained exclusively on a single modality (ViTacTip), unlike
our final model which leverages all three sensor modalities.

The results from Table IV reveal comparable performance
between control-only and dual-conditioned variants. On seen
objects, the dual-conditioned model shows marginal im-
provement (control—dual: ASSIM +0.001, AFID -0.443).
However, on unseen objects, the control-only variant demon-
strates slight superiority (control—dual: ASSIM +0.008,
AFID -0.642). Given the limited number of runs and ob-
served variances, these differences are insufficient to estab-
lish systematic superiority of either approach. The marginally
lower performance of the dual-conditioned (2) model on
unseen objects likely stems from the increased complexity
of reconciling two conditioning inputs with novel data,
representing a more challenging generalisation task.

These findings confirm that geometric conditioning (con-
trol image) serves as the dominant factor in tactile sen-
sor image generation, while semantic conditioning (textual
prompts) provides supplementary but meaningful contribu-
tions. This aligns with our task’s inherently geometric nature,
where object shape and pose are paramount. Importantly,
prompt conditioning becomes essential for multi-modal gen-
eration, as it provides the mechanism to distinguish between
sensor modalities and enables targeted generation of specific

Fig. 5. Effect of prompt length on reconstruction quality. Real vs Generated
images by the two different model variants under the two testing scenarios
(seen object but unseen poses and unseen objects).

sensor types at inference time.

2) Effect of the structure of the textual prompt: We
investigated how prompt complexity affects generation qual-
ity, comparing minimal short prompts (Fig. 3) to longer
comprehensive prompts which include more fields: “ob-
ject_description”, “contact_description”, “sensor_context”,
“style_tags”, “negatives” and “object_pose”.

As shown on Table V and Fig. 5, short prompts consis-
tently outperform long prompts across all metrics and test
scenarios. For seen objects, short prompts achieve superior
SSIM (0.877 vs 0.839), lower LPIPS (0.059 vs 0.077), and
better PSNR (25.74 vs 23.91 dB), with similar advantages
maintained for unseen objects. Indeed, short prompts reduce
the parameter space the model must learn to map, creating
a more constrained optimisation problem that is easier to
solve with limited training data (5,250 samples across three
modalities). On the other hand, the comprehensive descrip-
tions in long prompts may introduce conflicting or redundant
information that complicates the learning process.

However, with larger, more diverse datasets containing
varied objects, materials, and contact scenarios, long prompts
would theoretically provide better conditioning signal for
generating more finely-controlled tactile images. The current
results suggest that prompt complexity should be matched to
dataset scale and diversity; minimal prompts for constrained
datasets, comprehensive prompts for rich, large-scale data
that can support complex semantic conditioning.

V. CONCLUSIONS AND FUTURE WORK

MultiDiffSense is the first unified framework to generate
spatially and temporally aligned tactile data across multiple
sensor modalities within a single diffusion model. Condi-
tioning on geometric control images and structured textual
prompts enables controllable synthesis across ViTac, TacTip,
and ViTacTip while preserving alignment for cross-modal
learning. Our method outperforms a single-modality cGAN
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baseline (SSIM: +36.3%, +134.6%, +64.7% on unseen ob-
jects for ViTac, ViTacTip, TacTip) while consolidating three
models into one.

Future work will focus on scaling the framework to
larger and more geometrically diverse object sets to further
enhance generalisation. Extending the approach to complex
object categories, including articulated and deformable ob-
jects, represents an important step toward broader real-world
applicability. Incorporating richer geometric and material
representations beyond depth maps may further improve syn-
thesis fidelity for transparent, reflective, or texture-dominant
surfaces. Another promising direction is expanding the cur-
rent 4-DoF contact parameterisation to full 6-DoF interaction
modelling and temporal sequence generation, enabling the
synthesis of dynamic contact events such as slip, rolling,
and continuous manipulation. Such extensions would support
learning policies for contact-rich manipulation under realistic
temporal dynamics.
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