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Abstract. Accurate object geometry estimation is essential for many
downstream tasks, including robotic manipulation and physical interac-
tion. Although vision is the dominant modality for shape perception, it
becomes unreliable under occlusions or challenging lighting conditions.
In such scenarios, tactile sensing provides direct geometric information
through physical contact. However, reconstructing global 3D geometry
from sparse local touches alone is fundamentally underconstrained. We
present TouchAnything, a framework that leverages a pretrained large-
scale 2D vision diffusion model as a semantic and geometric prior for 3D
reconstruction from sparse tactile measurements. Unlike prior work that
trains category-specific reconstruction networks or learns diffusion mod-
els directly from tactile data, we transfer the geometric knowledge en-
coded in pretrained visual diffusion models to the tactile domain. Given
sparse contact constraints and a coarse class-level description of the ob-
ject, we formulate reconstruction as an optimization problem that en-
forces tactile consistency while guiding solutions toward shapes consis-
tent with the diffusion prior. Our method reconstructs accurate geome-
tries from only a few touches, outperforms existing baselines, and enables
open-world 3D reconstruction of previously unseen object instances.

Keywords: Tactile Sensing · 3D Reconstruction · Generative Priors

1 Introduction

Tactile feedback is a fundamental sensory signal that enables humans to interact
effectively with the physical world. Touch provides rich information about the
geometry and rigidity of objects, from which the nature of possible interactions
(e.g., grasps, handling) can be inferred. This becomes especially important under
heavy occlusions or challenging lighting conditions, where visual perception may
fail. In such situations, the ability to rely on touch alone becomes essential for
estimating object geometry and enabling downstream manipulation tasks.
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Fig. 1: Overview of TouchAnything. Sparse tactile measurements and a class-level text
description are combined with a pretrained 2D diffusion model serving as a geometric
prior. Local tactile constraints and global diffusion geometric guidance jointly optimize
a two-stage geometric representation.

However, geometry estimation from touch alone is inherently underconstrained
due to the sparsity of contact measurements. What makes this possible in hu-
mans is the presence of strong prior knowledge about object shape and structure.
For example, imagine that you are tasked with finding a pen inside a backpack
without visual feedback. You already possess a semantic understanding of what
a “pen” typically looks like (e.g. its approximate shape and structure). As you
make contact with objects inside the bag, sparse tactile cues are combined with
this prior knowledge to refine your belief about the object being touched. Touch
does not operate in isolation; rather, it conditions and disambiguates an existing
internal model of object geometry.

This raises a natural question: can we equip robots with a similar capability?
Specifically, given a robot arm equipped with tactile sensing, can we infer object
geometry from sparse touches when guided by a coarse semantic prior and can
this be achieved in an open-world setting? 4

Recent work has demonstrated that diffusion models can serve as powerful
priors for geometric reasoning. Diffusion-based approaches have been success-
fully applied to 3D reconstruction, text-to-3D generation, and multi-view con-
sistent shape synthesis, enabling plausible 3D geometry inference even under
limited observations or severely constrained settings. Importantly, these models
are trained on large-scale visual datasets and have not been specialized to tactile
signals. Nevertheless, they implicitly encode strong geometric information that
may transfer across sensing modalities. To the best of our knowledge, this work
is the first to adapt a general-purpose off-the-shelf pretrained 2D vision diffusion
model as a geometric prior for 3D reconstruction from sparse tactile touches.

4 By open-world, we mean reconstruction of previously unseen object instances with-
out object-specific training.
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In contrast to prior touch-based reconstruction methods, which train models
on class-specific datasets spanning just a handful of object categories [8, 46,52],
we develop a system that leverages the geometric priors encoded in large-scale
visual diffusion models trained on billions of internet images to guide 3D recon-
struction given sparse tactile measurements. We argue that transferring large-
scale visual priors to the tactile domain represents an important step toward
open-world generalization, especially in regimes where tactile data is scarce and
training specialized generative models is impractical.

Our contributions are as follows:

– We introduce TouchAnything, a framework for reconstructing global 3D
object geometry from sparse tactile contacts and a coarse semantic prior,
enabling open-world 3D reconstruction inference from limited physical in-
teraction.

– We demonstrate that large-scale pretrained 2D vision diffusion models can be
repurposed as geometric priors for tactile reconstruction, transferring visual
generative knowledge to the tactile domain without task-specific diffusion
training.

– We provide extensive validation in simulation and real-world robotic experi-
ments, including a study of reconstruction accuracy under varying numbers
of touches and prompt designs.

2 Related Work

2.1 3D Reconstruction from Sparse Observations

Neural implicit and differentiable geometric representations such as neural ra-
diance fields (NeRF) [21], signed distance fields (SDFs) [25], hybrid mesh-based
approaches like DMTet [38], and more recently 3D Gaussian Splatting [15],
have become dominant frameworks for 3D reconstruction. These methods in-
troduce differentiable parameterizations of geometry and appearance, making
them well-suited for end-to-end optimization. Beyond RGB-based reconstruc-
tion, their flexibility has enabled applications across diverse sensing modali-
ties [16,20,27,30,32,33,53], including tactile sensing [8,41]. However, regardless
of the underlying representation or sensing modality, 3D reconstruction becomes
severely underconstrained when observations provide only limited geometric cov-
erage of the underlying surface [24, 44]. In few-view settings, implicit and dif-
ferentiable models alone are insufficient to solve for global geometry without
additional regularization. This challenge is further amplified in tactile recon-
struction, where measurements come from small local contact patches rather
than partial global image observations.

2.2 Diffusion Models as Geometric Priors

Recent advances in diffusion modeling have demonstrated that large-scale gener-
ative models implicitly encode rich knowledge about object geometry. DreamFu-
sion [26] introduced the use of pretrained 2D text-to-image diffusion models to
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optimize 3D representations via score distillation sampling (SDS), enabling text-
to-3D generation without direct 3D supervision. Subsequent works [19, 31, 47],
improved fidelity and enhanced geometric detail in diffusion-guided 3D synthe-
sis. Fantasia3D [6] and RichDreamer [31] explicitly incorporate geometric signals
such as surface normals and depth to better disentangle shape and appearance
during diffusion-guided 3D generation. These works demonstrate that diffusion
models can effectively leverage explicit geometric cues to improve the quality
of the generated geometry. In our setting, we similarly render normal maps
from the evolving 3D geometry. However, unlike prior methods, we additionally
enforce consistency with real local surface normal measurements obtained from
image-based tactile sensors. We therefore combine global diffusion guidance with
physical local constraints imposed by robot contact. Tactile DreamFusion [11]
similarly incorporates tactile signals into text-to-3D synthesis, but its primary
objective remains asset generation, whereas our goal is tactile-conditioned 3D
reconstruction constrained by real tactile measurements.

Beyond text-to-3D synthesis, sparse 3D reconstruction has been addressed by
learning task-specific shape completion priors from curated 3D datasets [7, 49].
More recently, diffusion-based completion models [14,37] train 3D diffusion priors
to regularize underconstrained geometric inference and recover plausible struc-
ture from partial observations. Unlike these approaches, which require supervised
training on 3D shape collections, we leverage a pretrained 2D diffusion model as
a transferable geometric prior without task-specific diffusion training.

Several recent works [23, 48, 55] also employ diffusion models as geometric
priors for sparse-view 3D reconstruction from RGB images, where diffusion guid-
ance regularizes geometry estimated from limited visual coverage. In contrast,
our setting relies solely on sparse local tactile contacts, which provide highly
localized surface measurements without global image-level constraints. Inferring
global geometry from such physical interaction signals is a different and a more
severely underconstrained problem.

2.3 Tactile-based Shape Reconstruction

Image-based tactile sensors provide useful geometric information (e.g. contact
location and surface normals) which have been leveraged for object state esti-
mation and tracking during interaction [12,13,28,29] as well as 3D reconstruc-
tion. TouchSDF [8] predicts local surface geometry from vision-based tactile
sensors and learns an SDF encoding the object shape. More recently, diffusion-
based tactile reconstruction methods [46, 52] train conditional diffusion mod-
els for tactile-conditioned 3D reconstruction using object-level datasets such as
ShapeNet and ABC. These approaches rely on supervised training with ground-
truth 3D geometry from fixed object categories (e.g., guitars, bottles), which
may limit generalization beyond seen categories and involve computationally in-
tensive task-specific training of diffusion models. Other works [9, 10, 41–43] fuse
tactile and visual measurements for 3D reconstruction benefiting from the global
visual coverage provided by vision. However, they differ from our setting where
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Fig. 2: TouchAnything reconstruction pipeline. We use a GelSight tactile sensor
mounted on a robotic arm to collect raw tactile measurements, which are converted into
local depth and surface normal maps (Sec. 3.1). These measurements provide sparse
geometric supervision for learning a neural signed distance field (SDF) by enforcing
local constraints through depth and normal losses. Normal maps rendered from the
evolving 3D geometry are fed into a pretrained Stable Diffusion model, which provides
global geometric guidance through score distillation sampling (SDS). By jointly enforc-
ing tactile consistency combined with a pretrained 2D diffusion model and a class-level
text description, the system reconstructs globally consistent 3D geometry from sparse
contact measurements (Sec. 3.2).

touch provides the primary geometric signal. Overall, prior tactile reconstruc-
tion methods either depend on dense measurements, multi-modal sensing, or
expensive training of task-specific generative priors. To the best of our knowl-
edge, reconstructing global object geometry from sparse tactile contacts using
pretrained off-the-shelf 2D diffusion models remains unexplored.

3 Methodology

Our goal is to reconstruct the 3D geometry of an arbitrary object using only
sparse tactile readings and a minimal class-level text description (e.g. “a camera”,
“a bottle”). We assume that the contact locations of tactile readings are known
from robot kinematics. The text description provides only a weak semantic prior
at the category level, reflecting realistic scenarios where a robot knows the object
class but not the specific geometry, such as searching for a key in the wallet.

To solve this problem, we propose TouchAnything, a diffusion-guided method
for 3D reconstruction from sparse tactile inputs. Instead of utilizing a model
trained on limited object categories [8, 52], we leverage Stable Diffusion [35], a
general-purpose generative model, to guide reconstruction, conditioned on the
weak text description. This design makes our method much more general, en-
abling reconstruction of arbitrary objects without pre-training or class-specific
data collection. In TouchAnything, tactile readings are first converted into lo-
cal depth maps using established methods [42, 45], and represent it as virtual
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camera observations to ensure compatibility with the vision-centric reconstruc-
tion pipeline. We then adopt a coarse-to-fine reconstruction strategy inspired by
Magic3D [19] and optimize the object geometry by jointly enforcing consistency
with tactile-derived geometry and alignment with the class-level text description.

3.1 Deriving Local Geometry from Tactile Sensing

We use a GelSight sensor [50] to collect tactile data. GelSight is a vision-based
tactile sensor composed of a soft elastomer sensing surface, an integrated illu-
mination system, and a camera. Upon contact, the elastomer deforms, changing
the reflected illumination pattern, which is captured by the camera and used
to reconstruct the contact surface geometry via photometric stereo. A sample
tactile image is shown in Fig. 2a. In our work, GelSight images are obtained from
both real-world experiments and simulations. From these images, we estimate
the local contact geometry and convert it into virtual camera observations for
compatibility with the vision-centric reconstruction pipeline.

Geometry Estimation from Real-World Tactile Data Given a tactile
image T collected by a physical GelSight sensor, we adopt the learning-based
method in [45] to estimate per-pixel surface gradients from the RGB values and
coordinates of each pixel using a three-layer MLP. The predicted gradients are
then integrated using a fast Poisson solver [50] to recover the surface depth map.
The contact mask is obtained by thresholding the estimated depth map.

Geometry Estimation from Simulated Tactile Data Given a photorealis-
tic simulated GelSight image, we adopt the learning-based method in [42], using
a multi-head U-Net [36] to jointly predict the depth map and contact mask.
The network is trained on 20k simulated GelSight images generated from con-
tacts with 78 YCB objects [4]. Compared to the real-world scenario, we use
a more complex geometry estimation model for simulated tactile data because
larger-scale training data are available in simulation.

Tactile-Derived Geometry as Virtual Camera Observation For each
tactile reading Ti, we place a virtual camera Ci 2.0 cm behind the contact
patch and convert the tactile-estimated depth map and contact mask into virtual
camera observations consisting of depth and normal maps with an associated
contact mask. The reconstruction process then operates on these tactile-derived
geometries in the form of virtual camera observations rather than the raw tactile
readings, ensuring compatibility with the vision-centric reconstruction pipeline.
The full data collection pipeline is shown in Fig. 2a.

3.2 Stage 1: Learning Coarse Geometry of the Object

We model the coarse object geometry using a SDF-based neural implicit rep-
resentation fθ : R3 → R, implemented using a Neuralangelo-style [18] multi-
resolution 3D hash-grid features followed by an MLP (Fig. 2b). The function fθ
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maps a 3D coordinate to its truncated signed distance to the object surface, and
its zero level set defines the reconstructed shape. We optimize θ by minimizing
a joint objective that enforces geometric consistency with the tactile-derived ge-
ometry while encouraging semantic consistency through a diffusion-based prior
on the class-level text description.

Tactile-based Geometric Supervision Consider reconstructing an object
that is touched K times at different locations, producing tactile readings T1, ...,TK .
As described in Sec. 3.1, we convert each tactile reading into a virtual camera
observation consisting of depth maps, normal maps, and contact regions. We
use these observations to impose sparse geometric constraints on the object sur-
face represented by the SDF function fθ. However, to impose these constraints,
we need to first represent the virtual camera observations in a ray-based form
compatible with our reconstruction algorithm (Fig. 2d).

Let R denote the union of all rays cast from the K virtual cameras {CK},
where each ray originates from a virtual camera center and passes through a
pixel within the contacted region. For each ray r ∈ R, the tactile-derived depth
and normal maps in the virtual camera frame provide the depth observation d(r)
and surface normal observation n(r) along that ray.

To enforce geometric constraints from the tactile-derived ray observations
d(r) and n(r), we adopt the volumetric rendering formulation of Neuralan-
gelo [18]. For each ray r ∈ R, we use the SDF function fθ along the ray to
compute the predicted depth dθ(r) and surface normal nθ(r). These computed
quantities are differentiable with respect to the SDF parameters θ, allowing us to
enforce geometric consistency by minimizing the discrepancy between the SDF-
computed depth and normal values and the tactile-derived depth and normal
values:

Ldepth = Er∼R [|d(r)− dθ(r)|] , Lnormal = Er∼R [∥n(r)− nθ(r)∥1] (1)

Beyond supervision on these computed quantities, we incorporate two additional
supervision signals following [2]. The first supervises the signed distance values
near the observed surface, and the second enforces freespace constraints along
the ray up to the surface. To supervise the SDF, for each ray r with a tactile-
derived depth observation d(r), we sample depths s within a truncated band
Ssdf
r = [d(r) − δ, d(r) + δ] around the surface, where δ denotes the truncation

distance. Let x(r, s) denote the 3D point at depth s along ray r, the SDF loss
is:

Lsdf = Er∼R Es∼Ssdf
r

|fθ(x(r, s))− (s− d(r))| . (2)

To enforce freespace constraints, we additionally sample points in S fs
r = [0, d(r)−

δ], which extends from the virtual camera center to a distance δ before the sur-
face. Since this region should be physically occupied by the tactile sensor and
should remain free of objects, we penalize the predicted signed distance to be
smaller than the distance δ:
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Lfs = Er∼R Es∼Sfs
r

[
ReLU(δ − fθ(x(r, s)))

2
]
. (3)

We optimize a weighted combination of these four losses to enforce geometrical
consistency with the tactile observations. In practice, the expected values of the
losses are estimated by sampling a batch of rays r ∈ R during each training
iteration.

Diffusion-based Prior To guide the reconstructed geometry to align with the
class-level text description (e.g. “a camera”), we incorporate a diffusion prior. In
particular, we use Stable Diffusion [35], a general-purpose generative model, and
apply score distillation sampling (SDS) [26] to impose geometric and semantic
guidance during optimization (Fig. 2c).

At each optimization step, we uniformly sample a virtual camera pose from
a sphere centered at the object and render a surface normal image Nθ via vol-
umetric rendering of the SDF fθ. Following Fantasia3D [6], we supervise the
geometry using the normal map rather than an RGB image to focus on pro-
viding fine surface details. We denote z(Nθ) as the latent feature obtained by
passing the rendered normal map Nθ through the Stable Diffusion VAE encoder.
The SDS gradient with respect to the SDF parameters θ is:

∇θLSDS = Et,ϵ

[
w(t)

(
ϵ̂ϕ(zt(Nθ); y, t)− ϵ

)∂z(Nθ)

∂θ

]
(4)

where ϵ̂ϕ is the noise predicted by Stable Diffusion, y is the text description,
and ϵ is the actual noise added to the latent z to produce the noisy version zt.
Additionally, t denotes the diffusion timestep, and w(t) is a timestep-dependent
weighting function. By backpropagating this SDS gradient, we refine the SDF
parameters θ, so the reconstructed geometry matches the text description y.

Training Schedule The final optimization objective combines the tactile-
defined geometric losses (Eq. (1), Eq. (2), and Eq. (3)), the diffusion-guided
SDS loss (Eq. (4)), and the Eikonal regularization term. We adopt a two-stage
training strategy. In the warm-up stage (steps 0–1000), optimization is driven
only by tactile supervision to establish a geometry consistent with the tactile
readings. In the joint refinement stage (steps 1000-7000), we optimize the model
with both tactile supervision and SDS guidance, where the diffusion model op-
erates on 64× 64 rendered normal images with a batch size of 8.

3.3 Stage 2: Learning Fine Geometry of the Object

To refine geometric details beyond the coarse reconstruction, we further learn fine
object geometry using DMTet, an explicit tetrahedral-grid SDF representation.
In Sec. 3.2, the diffusion-based prior is constrained to apply to low-resolution
rendered images of 64 × 64, because the underlying geometry is represented by
an MLP that predicts SDF values and requires expensive per-ray field queries for
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volumetric rendering. Rendering at higher resolutions is therefore computation-
ally prohibitive, which limits the diffusion prior’s ability to recover fine geometric
details. In contrast, DMTet adopts a fully explicit representation. It discretizes
the signed distance field onto a tetrahedral grid with vertices V = {vi}Nv

i=1 and
parameterizes the geometry by per-vertex signed distance values {si}Nv

i=1 and
per-vertex offsets {∆vi}Nv

i=1, where Nv is the number of grid vertices. This repre-
sentation eliminates the need for MLP evaluation and per-ray field queries. The
object surface can be extracted using differentiable marching tetrahedra and
rendered with differentiable rasterization, which is significantly more efficient
than rendering with the Neuralangelo-style SDF representation used in Sec. 3.2.
Consequently, DMTet enables rendering at a much higher resolution of 512×512
with batch size 4.

Let ϕ = {{si}, {∆vi}} denote the learnable parameters of DMTet. We ini-
tialize si by querying the SDF of the optimized coarse geometry from Sec. 3.2 at
each grid vertex. Similar to learning the coarse geometry, we optimize ϕ by min-
imizing the weighted sum of the depth loss Ldepth, normal loss Lnormal, and the
SDS loss LSDS. Different from stage 1, these losses are now computed through ef-
ficient differentiable rasterization instead of ray casting and MLP evaluation. In
particular, the SDS loss is evaluated at a much higher rendering resolution, en-
abling the diffusion-based prior to recover finer geometric details. Beyond these
losses, we additionally include the normal consistency loss [34] that penalizes an-
gular deviations between adjacent vertex normals, encouraging locally smooth
surface geometry:

Lnc =
1

|E|
∑

(i,j)∈E

(1− cos(ni,nj)) , (5)

where E denotes the set of mesh edges, and ni and nj are the unit vertex normals
at the endpoints of edge (i, j).

4 Experiments and Results

We evaluate the reconstruction performance of TouchAnything in simulation and
compare it with baseline methods. We additionally demonstrate its qualitative
performance in real-world scenarios and conduct ablation studies to examine the
impact of different modality inputs. All objects were trained on a single NVIDIA
A100 GPU which takes ∼ 1 hour for stage 1 and 40 minutes for stage 2.

4.1 Simulation Experiments

Data Collection We evaluate TouchAnything on 280 objects from ShapeNet-
Core.V2 [5]. We use the same object subset as TouchSDF [8], provided by its
authors, to enable direct comparison with it and subsequent work [46]. The ob-
jects span six categories: bowls, bottles, cameras, jars, guitars, and mugs. The
class-level text prompt associated with each category is defined respectively as
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Object Tactile Input Warm-up Intermediate Stage1 Stage2

Fig. 3: Visualization of the simulation results. From left to right, we show the ground
truth object, the tactile measurements, the result from the warm-up stage where only
tactile observations are used, followed by intermediate, stage 1, and stage 2 reconstruc-
tions. The warm-up stage provides a good initialization of the shape before incorpo-
rating the diffusion model. We also note that the stage 1 results are close to stage 2
because the simulated objects contain limited geometric detail.

“a bowl”, “a bottle”, “a camera”, “a jar”, “a guitar”, and “a mug”. For each ob-
ject, we generate 20 simulated tactile images as input to TouchAnything. This is
achieved through a tactile simulation pipeline designed to closely approximate
how a robot interacts with objects in real-world scenarios. We use Taxim [40],
an example-based photorealistic tactile simulator, to produce GelSight images.
For each object mesh, we uniformly sample contact locations (see Supplemen-
tary Material for details), align the contact orientation with the local surface
normal, and press the object to a predefined depth. Open3D ray casting [54] is
then used to compute the resulting contact depth map, which Taxim converts
into a photorealistic GelSight image with a resolution of 320×240 corresponding
to a sensing area of 2.0cm × 1.5cm.

Baseline Methods We compare our approach to two tactile-based 3D re-
construction methods. TouchSDF [8] reconstructs 3D geometry using TacTip
tactile sensors and is a common baseline in tactile-based 3D reconstruction re-
search. It represents object geometry using DeepSDF, a neural implicit rep-
resentation pretrained on a specific dataset, which provides a dataset-specific
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shape prior during reconstruction. Touch2Shape [46] uses an active tactile ex-
ploration strategy and additionally trains a diffusion model on tactile data to
provide a generative shape prior during reconstruction. In contrast, our approach
uses a general-purpose model guided only by minimal text descriptions, enabling
open-world reconstruction of arbitrary objects.

Table 1: Quantitative Results on the simulation data. We show the Earth Mover’s
Distance (EMD) metric for various methods on test objects with 20 robot touches.

Category TouchSDF [8] Touch2Shape [46] Ours

Bottle 0.047± 0.024 0.041 0.035± 0.020
Bowl 0.048± 0.017 0.049 0.039± 0.010
Camera 0.092± 0.043 0.056 0.047± 0.025
Guitar 0.155± 0.087 0.064 0.060± 0.025
Jar 0.071± 0.038 0.055 0.053± 0.023
Mug 0.066± 0.018 0.049 0.044± 0.008

Experimental Results We evaluate the reconstruction results using Earth
Mover’s Distance (EMD), which is widely used in touch-based reconstruction and
better reflects visual quality [8]. The result is reported in Tab. 1. TouchAnything
achieves better reconstruction performance across all categories compared to
both baselines, highlighting our method’s ability to leverage the rich geometric
priors encoded in off-the-shelf 2D diffusion models. In Fig. 3, we show sample
results from the warmup, stage 1 and stage 2. We note that the warmup stage
provides a good initialization of the geometry before further refinement with
the diffusion prior while the later incorporation of the diffusion model further
improves the reconstruction quality.

4.2 Real-world Experiments with a Robot

Hardware The real-world experiments are conducted with a 6-DOF UR5e
robot arm equipped with a Gelsight Mini tactile sensor. The sensor operates
at a resolution of 320× 240, corresponding to a sensing area of 2.0cm × 1.5cm.
For real-world evaluation, we selected 14 objects in total, including 6 objects
selected from the YCB dataset, 3 3D-printed objects chosen from ShapeNet-
Core.V2 [5] and 5 household objects. The 3D-printed objects were designed to
be mounted on a cuboid base. During the experiments, all objects were rigidly
fixed to the table using a dedicated mount.

Data Collection We collected the real-world data by operating the robot arm
to make contact with the object. The contact poses were selected to best cover
the surface of the object uniformly. A GelSight image is collected after every
touch, and the pose of the sensor is calculated using the forward kinematics of
the robot arm.
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Fig. 4: Real-world reconstruction results with TouchAnything. For each object, we
show the class-level text description, an image of the real object, and the 20 tactile
measurements used for reconstruction. The rightmost column shows the results ob-
tained from stage 2.

Experimental Results Fig. 4 presents the tactile input and reconstruction
results for all real-world objects. For each object, 20 touches are applied uni-
formly across the surface. Despite the sparse tactile observations, TouchAny-
thing achieves good reconstruction of the object geometry. For complex objects
such as the camera and drill, large portions of the object remain untouched.
Nevertheless, our diffusion prior correctly completes these regions with detailed
shapes consistent with the semantic description. More importantly, as shown
in Fig. 4, our method successfully reconstructs all tested real-world objects.

Fig. 5: Stage 1 results on the left
and stage 2 result on the right.
Note the finer details recovered
via the refinement step.

This is possible because we use a general-
purpose generative model rather than class-
specific models. In contrast, prior methods [8,
46, 52] can typically reconstruct only objects
from categories seen during training which high-
lights the stronger generalization capability of
our approach. Fig. 5 shows the fine geometric
details recovered during the stage 2 refinement
step compared to the coarse geometry obtained
in stage 1. Additional qualitative results are
available in the supplementary material.
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Fig. 6: Reconstructions using only tactile observations after removing the diffusion
prior. The reconstructions degrade significantly.
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Fig. 7: We study the effect of the number of tactile measurements and the text descrip-
tion used to guide the diffusion prior on reconstruction quality. Columns correspond to
increasing numbers of touches, while rows correspond to different text descriptions (de-
tailed, class-level, empty, and incorrect). Our method reconstructs plausible geometries
with as few as 20 touches while more informative descriptions guide the reconstruction
toward more realistic shapes.
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4.3 Ablation Studies

Ablation: Tactile-Only Reconstruction. Fig. 6 shows 3D reconstructions
of real objects obtained using tactile observations only, after removing the dif-
fusion prior. The reconstruction quality degrades significantly compared to our
full method, highlighting the importance of the diffusion model. This behav-
ior is expected, as tactile sensing provides only local geometric measurements.
With a limited number of touches, the reconstruction problem remains highly
underconstrained without the global guidance provided by the diffusion prior.

Ablation: Text Description and Touch Count. We study how the number
of touches and the quality of text description affect the reconstruction perfor-
mance of TouchAnything. To evaluate the effect of additional tactile supervision,
we run TouchAnything using 20, 40, and all available touches. We also inves-
tigate the affect of semantic guidance by varying the text description provided
to the model. Specifically, we consider four levels of semantic text guidance: an
incorrect description (e.g., “an airplane”), no description (an empty string), a
class-level description (e.g., “a camera”), and a highly detailed instance-specific
description. Fig. 7 shows the reconstruction results of TouchAnything under
different input combinations on four real-world objects: a camera, drill, cola
bottle, and tomato soup can. With only 20 tactile observations, we show that a
class-level text description (e.g., “a camera”) is sufficient for TouchAnything to
correctly complete the untouched regions, and a more detailed description does
not necessarily improve reconstruction as precise geometric details are hard to
specify through text. The influence of the diffusion prior is further illustrated
when an incorrect description, such as “an airplane,” is used, which causes the
model to hallucinate structures in the unseen regions that match the incorrect
semantics. Even when using an empty string as the text description, we show
that the diffusion model can still reasonably infer unseen geometry based on
common-sense geometric reasoning, such as connecting aligned surface patches
or completing partial cylindrical structures. For completeness, we include the
quantitative results (EMD) of TouchAnything under different input combina-
tions for four real-world objects with ground-truth meshes in the supplementary
material.

5 Discussion and Conclusion

We present TouchAnything, a method for reconstructing 3D object geometry
from sparse tactile measurements by leveraging an off-the-shelf pretrained 2D
diffusion model as a semantic and geometric prior. Our approach combines local
geometric constraints derived from tactile sensing with global guidance from a
diffusion prior for 3D reconstruction. As a result, it addresses the fundamentally
underconstrained nature of reconstructing shapes from sparse physical contacts.
Unlike prior tactile reconstruction methods that rely on category-specific train-
ing or diffusion models trained directly on tactile datasets, TouchAnything trans-
fers geometric knowledge encoded in large-scale visual diffusion models to the
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tactile domain. Our results demonstrate that this combination enables accurate
and robust 3D reconstruction from only a small number of touches while gener-
alizing to previously unseen objects in an open-world setting. Several promising
directions remain for future work. One direction is to investigate the possibility of
removing the reliance on text prompts entirely, enabling fully prompt-free recon-
struction from tactile measurements. Additionally, our current system assumes
that tactile measurements are collected passively. Future work could explore ac-
tive touch strategies that guide the robot toward the most informative contact
locations, enabling more efficient data collection and reconstruction.
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Supplementary Material

In this supplementary material, we provide additional details regarding our
methodology, experiments and results.

A Data Collection

A.1 Simulation Data Collection

Touch Sampling

Ray Casting Taxim

Contact Depth Map Gelsight Tactile Image 

Multi-Head U-Net

Predicted Depth Map

Predicted Normal Map

Predicted Contact Mask

Fig. 8: A Multi-Head U-Net is implemented to derive local geometry from Gelsight
Tactile Images.

Tactile image generation We propose a physically grounded simulation pipeline
for tactile data generation that captures realistic contact mechanics by leveraging
Taxim [40], an example-based Gelsight simulation model. The data acquisition
process begins with the selection of potential contact points via Poisson Disk
Sampling [51] over the object mesh; here, the surface is intentionally oversam-
pled to ensure high-quality tactile image generation by providing a buffer against
unsuitable geometries, such as overly flat regions or extreme depressions.

Once these candidates are established, the sensor poses are initialized by
translating a set distance from each pre-selected contact point along the radial
vector originating from the coordinate center. From these initial positions, the
system perceives the local surface normals within the sensor’s field of view. These
sensors are subsequently aligned to the identified normals and driven into the
surface at a predefined pressing depth to simulate physical contact. To synthesize
the final output, a contact depth map is generated using Open3D ray casting [54],
which is then transformed into a 320× 240 pixel Gelsight tactile image through
the Taxim framework. Finally, the samples with insufficient contact area are
discarded. The sensor poses for the validated tactile contacts are stored.

For our simulation experiments conducted with ShapeNetCore.V2 [5] objects,
we rescale them to 20% of their original size following TouchSDF [8]. This makes
their sizes comparable with real-world sensor and objects.
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Tactile image to local geometry To reconstruct the local surface geometry
from raw sensory data, we implemented a Multi-Head U-Net architecture [36].
This model serves as a perception module that maps a single RGB GelSight
tactile image to three distinct geometric representations: a depth map, a normal
map, and a contact mask, as illustrated in Figure 8.

The network features a shared encoder to extract common tactile features,
followed by three independent decoder heads tailored for each modality. We
trained the model on a large-scale synthetic dataset comprising 20k tactile sam-
ples. These samples were generated using the Taxim simulation framework based
on 78 YCB objects with varying mesh resolutions (16k and 64k). Each tactile
sample set includes a ground truth depth map, a ground truth normal map, and
a ground truth contact mask.

The model is optimized end-to-end using a weighted multi-task loss function
Ltotal, which balances the convergence across different tasks:

Ltotal = λmLmask + λdLdepth + λnLnormal (6)

where we employ Binary Cross-Entropy (BCE) for the contact mask loss Lmask,
L1 loss for the depth loss Ldepth, and Cosine Similarity for the normal loss
Lnormal.

For TouchAnything, we specifically leverage the predicted depth map and
contact mask to synthesize virtual camera observations. The predicted normal
maps, while currently redundant for our immediate geometry-derivation stage,
are generated by our multi-head architecture to provide a more comprehensive
geometric prediction and to facilitate alternative tactile sensing tasks in future
research.

Fixed Mount

UR5e robot arm

Gelsight Mini

Fig. 9: Our real-world experiment hardware setup, including a UR5e robot arm, a
Gelsight Mini tactile sensor and a fixed mount.
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A.2 Real-world Data Collection

Our real-world data collection system includes a 6-DOF UR5e robot arm, a
Gelsight Mini tactile sensor and a fixed mount on the table, as shown in Figure 9.
To collect tactile data, we operate the robot arm manually and press the tactile
sensor on the surface of the object. A GelSight image is recorded after every
contact, and the sensor pose is calculated through the forward kinematics of the
robotic arm.

B Extended Analysis of Fine Geometry Learning

In this section, we provide additional visual evidence and implementation details
for the geometry refinement stage. The pipeline for the explicit DMTet [39]-
based refinement is illustrated in Figure 10. Utilizing DMTet representation and
differentiable mesh renderer [17], we achieve extremely fast rendering at a very
high resolution. This architectural shift is the key for the diffusion model to
capture high-frequency geometric details and provide rich texture to the surface.

3D Representation

Rendered 
Normal map

Stable Diffusion

“a camera”
Class-level text 

description

ℒ𝑆𝐷𝑆

Diffusion-based Semantic Prior 

Tactile-based Geometric Supervision

Predicted Depth

Real-world Data Collection

Tactile Image

Geometry 
Estimation

Estimated Height Map 

2 cm

ℒdepth 

Tactile-Derived Depth Predicted Normal Tactile-Derived Normal

differentiable rendering

Tactile-Derived 
Geometry

ℒnormalproject

Virtual Camera

Sampled 
Noise

Noised 
Normal Map

Predicted 
Noise

Denoised 
Normal Map

Tetrahedral-Grid (DMTet)

Fig. 10: Overview of the stage 2 fine geometry learning pipeline.

To demonstrate the effectiveness of our refinement strategy, we present a
qualitative comparison in Figure 11. We choose some representative objects with
rich surface details themselves to show how their surface texture evolves after the
stage 2 geometry refinement step. While the coarse stage successfully recovers the
global topology and basic structure, it often suffers from plain surface texture
and lacks fine-grained details because the rendered normal images passed to
the diffusion prior are of low resolution. In contrast, after our refinement, the
reconstructed results all exhibit fine surface details, such as the rugged texture
on the surface of the avocado, the concentric ridges on the top of the can, and
the parallel fluting on the lens of the camera. These results provide compelling
evidence that our refinement stage effectively recovers high-frequency surface
details, leading to more fine-grained object reconstructions.
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Object Tactile Input Stage 1: coarse geometry Stage 2: refinement

Fig. 11: Qualitative comparison between the results before and after fine geometry
learning. We choose some representative objects to show how their surface texture
evolves after the stage 2 geometry refinement.

C Quantitative Evaluation for Real-world Reconstruction
Results

We present the quantitative metrics for the real-world reconstruction results
of selected objects with ground truth meshes. These include the potted meat
can, the tomato soup can, the tuna can and the mustard bottle from the YCB
dataset [4] which have ground truth meshes provided by high-resolution scanner,
and the printed camera model, the printed bottle model and the printed bowl
model, whose ground truth meshes are from the ShapeNet-Core.V2 [5] dataset.
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They are evaluated using Earth Mover’s Distance (EMD). The result is reported
in Figure 12.

Object
Reconstructed Mesh

(20 touches)
EMD

0.0064

0.0080

0.0047

0.0127

Ground Truth

0.0094

0.0054

0.0067

Object
Reconstructed Mesh

(20 touches)
EMDGround Truth

Fig. 12: Quantitative evaluation for real-world results.

For our ablation study, to further analyze the impact of tactile sample den-
sity and semantic guidance, we provide comprehensive Earth Mover’s Distance
(EMD) metrics for four representative real-world objects: a 3D-printed bottle,
a 3D-printed camera, a tomato soup can, and a potted meat can. As shown in
Table 2, we evaluate the reconstruction error across varying numbers of robot
touches and four levels of text prompts (p1: incorrect, p2: empty, p3: class-level,
and p4: detailed). The details of text prompts used for each real-world object is
listed in Table 3.

The results highlight two key insights regarding the synergy between tactile
evidence and semantic priors. First, the quality of the text prompt plays an
important role in reconstruction quality. Across most test cases, the class-level
(p3) and detailed (p4) descriptions consistently outperform the incorrect (p1) or
empty (p2) prompts. This demonstrates that a correct semantic prior is essential
for the diffusion model to resolve the inherent ambiguity of sparse tactile points
and to complete untouched regions with category-specific geometric information.

Second, we observe that reconstructions using 20 or 40 touches occasionally
yield lower EMD values than those using the full tactile dataset. We attribute this
to the non-uniform quality of tactile measurements in dense sampling. During
full-scale data collection, the sensor inevitably interacts with highly complex or
sharp features, such as the thin metal ring edge on a can or the narrow edges of
a camera lens hood. Due to the elastic deformation of the tactile sensor, depth
estimation for these thin structures often suffers from a low-pass filtering effect,
resulting in thickened artifacts that deviate from the ground truth mesh. In
contrast, with fewer but cleaner samples used as local constraints, our pipeline
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Table 2: Detailed EMD results for the ablation study, including four representative
real-world objects: a 3D-printed bottle, a 3D-printed camera, a tomato soup can, and
a potted meat can.

(a) 3D-Printed Bottle

Prompt
Touches

20 40 99

p1 0.0105 0.0067 0.0075
p2 0.0058 0.0058 0.0080
p3 0.0057 0.0052 0.0066
p4 0.0089 0.0050 0.0056

(b) 3D-Printed Camera

Prompt
Touches

20 40 121

p1 0.0180 0.0190 0.0221
p2 0.0104 0.0071 0.0112
p3 0.0098 0.0095 0.0109
p4 0.0097 0.0094 0.0100

(c) Tomato Soup Can

Prompt
Touches

20 40 53

p1 0.0099 0.0090 0.0090
p2 0.0089 0.0088 0.0100
p3 0.0077 0.0082 0.0087
p4 0.0079 0.0069 0.0079

(d) Potted Meat Can

Prompt
Touches

20 40 91

p1 0.0092 0.0080 0.0082
p2 0.0086 0.0086 0.0081
p3 0.0062 0.0069 0.0074
p4 0.0064 0.0071 0.0080

leverages the powerful geometric priors guided by accurate prompts (p3, p4) to
reconstruct plausible structures.
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Table 3: Details of text prompts (p1 to p4) used for each real-world object in the
ablation study.

Object ID Text Prompt Content

3D-Printed Bottle p1 an airplane
p2 [Empty String]
p3 a bottle
p4 a classic Coca-cola contour bottle, featuring a narrow

neck, curved body, and horizontal indentations around
the midsection

3D-Printed Camera p1 an airplane
p2 [Empty String]
p3 a camera
p4 an SLR camera which has a rectangular body with a

central pyramidal viewfinder and cylindrical top dials.
Large protruding cylindrical lens featuring ridged rings
and a flared hood. Recessed rectangular rear screen and
circular eyepiece.

Tomato Soup Can p1 an airplane
p2 [Empty String]
p3 a can
p4 a standard cylindrical tin can featuring a smooth, vertical

body. The top surface consists of a flat circular plane with
a flat pull-ring tab and a slightly raised metallic rim

Potted Meat Can p1 an airplane
p2 [Empty String]
p3 a can
p4 a rectangular cuboid can with heavily rounded vertical

edges. The top surface features a raised lip and a flat cen-
tral plane. An integrated loop-shaped pull-tab attached
rests flat on the top surface.
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D Implementation Details

D.1 3D Representation Implementation Details

We implement TouchAnything using PyTorch [1] with 16-bit mixed precision.
All models are optimized using the Adam optimizer. We set the learning rate
to 1 × 10−2 for the hash grid and 1 × 10−3 for the SDF network and DMTet
parameters. We employ the pretrained Stable Diffusion v2.1-base model [35] as
the SDS backbone. The optimization is split into two distinct stages as follows.

Stage 1: Coarse Geometry Optimization For the implicit geometry in
Stage 1, we represent the SDF using a multi-resolution hash-grid encoder fol-
lowed by a shallow MLP, following the implementation of Instant-NGP [22] and
Neuralangelo [18]. The encoder uses a Progressive Hash Grid [18] with 16 levels,
2 features per level, and a maximum hash table size of 220. The base resolution
is set to 16 with a per-level growth scale of approximately 1.45. The levels are
incrementally unlocked starting from level 8 and updates every 400 steps from
step 1000. The SDF network is implemented as Vanilla MLPs with one hidden
layer of 64 neurons and ReLU activations.

We adopt the NeuS volume renderer [30] for stage 1. For tactile-derived
supervision, we sample with 16384 rays in a batch, and sample 512 points along
each ray to compute the geometric constraints. For diffusion-based guidance, we
sample 8 random camera views in a batch and input the rendered normal maps
to the diffusion model.

In Stage 1, we make the normal loss weight λnormal gradually increase to
its target value (from 0.025 to 1.0 in simulation, and from 0.1 to 4.0 in real-
world experiments) following a linear schedule over the first 6,000 steps. This
progressive strategy prevents the normal supervision from disrupting the global
shape optimization during the initial phase, allowing the model to prioritize
coarse geometry establishment via depth constraints before shifting focus toward
the refinement of fine-grained surface details in the later stages.

Stage 2: Fine Geometry Refinement Stage 2 utilizes an explicit tetrahedral
grid (DMTet) with a resolution of 256, initialized from the optimized Stage 1
SDF. For surface extraction we use marching tetrahedra where the extraction
threshold is set to −0.03 for simulation objects and 0.0 for real-world objects.

We use nvdiffrast [17] as the differentiable renderer for stage 2. For tactile-
derived supervision, we sample min(number of touches, 32) sets of tactile-derived
images to compute the geometric constraints. For diffusion-based guidance, we
sample 4 random camera views in a batch and input the rendered normal maps
to the diffusion model.

D.2 Multi-Head U-Net Implementation Details

The geometry estimation module for simulated tactile data is implemented as a
Multi-Head U-Net [36] designed to map a GelSight tactile image T ∈ R3×H×W to
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three distinct geometric representations. The network follows an encoder-decoder
paradigm with a shared feature extractor and task-specific branches.

Shared Encoder The encoder consists of a series of blocks designed to ex-
tract hierarchical tactile features. It begins with an initial double convolution
(DoubleConv) layer that maps the input to 64 channels. This is followed by four
downsampling stages (Down), each utilizing a 2× 2 max-pooling operation fol-
lowed by a DoubleConv block. The channel dimensions increase progressively
as {64, 128, 256, 512, 1024}, effectively capturing both local texture and global
contact structure. Each DoubleConv block consists of two 3 × 3 convolutions,
each followed by Batch Normalization and ReLU activation.

Multi-Task Decoders To reconstruct local geometry, the shared latent fea-
tures are passed into three independent decoder branches:

– Depth Decoder: Predicts a single-channel depth map D̂ ∈ R1×H×W .
– Normal Decoder: Predicts a three-channel surface normal map N̂ ∈ R3×H×W .

A L2 normalization layer is applied to the output to ensure the predicted
vectors remain on the unit sphere.

– Mask Decoder: Predicts a single-channel contact mask M̂ ∈ R1×H×W

representing the probability of physical contact at each pixel.

Each decoder branch mirror the encoder’s depth using four upsampling blocks
(Up). We employ bilinear interpolation followed by a DoubleConv block to re-
duce the channel dimension while concatenating skip connections from the cor-
responding encoder stages. Finally, a 1 × 1 convolution (OutConv) is used to
project the feature maps to the required output channels.

Implementation Details The model is trained using the AdamW optimizer
with a learning rate of 1 × 10−3 and a weight decay of 1 × 10−2. We employ a
cosine annealing learning rate scheduler. In our implementation, the weights for
the losses mentioned in Euqation (6) are set to λd = 0.1, λn = 1.0, and λm = 5.0.

Tactile Perception Network Architecture The detailed architectural pa-
rameters of the Multi-Head U-Net are summarized in Table 4. The encoder is
shared across all tasks, while three independent decoder branches are utilized
for depth, surface normal, and contact mask prediction.
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Table 4: Detailed architecture of the Multi-Task Tactile Perception U-Net. Cin and
Cout denote the number of input and output channels, respectively.

Part Layer Type Cin Cout Configuration

E
nc

od
er

inc DoubleConv 3 64 Conv 3× 3, Pad 1
down1 Down 64 128 MaxPool 2× 2 + DoubleConv
down2 Down 128 256 MaxPool 2× 2 + DoubleConv
down3 Down 256 512 MaxPool 2× 2 + DoubleConv
down4 Down 512 512 MaxPool 2× 2 + DoubleConv

D
ec

od
er

s* up1 Up 1024 256 Bilinear Up + Cat + DoubleConv
up2 Up 512 128 Bilinear Up + Cat + DoubleConv
up3 Up 256 64 Bilinear Up + Cat + DoubleConv
up4 Up 128 64 Bilinear Up + Cat + DoubleConv
out OutConv 64 Ntask Conv 1× 1

*Decoders for Depth (Ntask = 1), Normal (Ntask = 3), and Mask (Ntask = 1) share
the same architecture but have independent weights.
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