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Figure 1. (1) TouchDream Workflow: generating imagined touch for coarse points refinement. (2) Completion Results Comparison.

Abstract

Point cloud completion is crucial for robust 3D perception
but remains challenging. Coarse-to-fine methods can lead
to unconstrained local guesses in the absence of key struc-
tures, whereas diffusion-based approaches may introduce
geometric inconsistencies. To overcome these limitations,
we present TouchDream, a novel framework that leverages
a diffusion model to ‘dream’ of tactile sensing on object sur-
faces, which reformulates the sensing process as a learn-
able generative modeling task. Unlike visual cues, tactile
data provides rich local geometry that can be directly con-
verted into 3D space for point fusion, offering a powerful
guide for detail-aware completion. Specifically, our ap-
proach generate compact tactile latent representations con-
ditioned on coarse points and sampled touch poses. These
generated touches are then used to optimize the coarse ge-
ometry. Extensive experiments show that our TouchDream
model achieves the state-of-the-art performance.

*Corresponding authors.
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1. Introduction

3D perception is crucial for a wide range of applications,
from robotic manipulation and autonomous navigation to
augmented reality. As a compact and efficient representa-
tion of 3D objects, point clouds are extensively used. How-
ever, in real-world scenarios, point clouds acquired by sen-
sors are often incomplete due to occlusion, limited sensor
resolution, and adverse viewing angles. Point cloud com-
pletion, the task of inferring a complete and dense geome-
try from a partial scan, is therefore a fundamental step for
downstream 3D understanding tasks.

Nevertheless, this task is inherently challenging and ill-
posed, as it requires not only the reconstruction of the
overall global structure but also the generation of plausi-
ble and detailed geometry for the missing regions. Current
mainstream learning-based point cloud completion meth-
ods can be broadly categorized into two paradigms. The
first paradigm operates in a coarse-to-fine manner, where
an initial coarse shape is first generated. This is followed by
a refinement stage that leverages multi-granularity features



from both the coarse and fine point clouds [15, 27, 30, 40],
or utilizes geometric symmetries [34, 42], to guide the de-
tailed reconstruction of the missing regions. However, the
absence of key structures in the input point cloud can lead to
an unconstrained local guess, which has been documented
in prior work [29]. The second category employs generative
models, such as diffusion models, which either directly gen-
erate the completed point cloud through a probabilistic de-
noising process [3, 10, 14, 48] or produce auxiliary cues to
promote the reconstruction of missing areas [10, 29, 49, 50].
These studies confirm that effective fusion of external sig-
nals substantially boosts completion quality, while poten-
tially introducing geometric consistency challenges.

In this work, we enhance point cloud completion by gen-
erating tactile information. Specifically, we use a diffusion
model conditioned on the coarse points and sampled touch
poses to generate tactile information. This tactile informa-
tion subsequently guides the refinement stage to produce a
complete and detailed point cloud. Our approach is moti-
vated by two key advantages of tactile over multi-view vi-
sual data. First, as established in prior work [5, 22, 23, 28],
tactile sensing provides high-fidelity local 3D shape infor-
mation (such as spatial contact points and fine surface de-
tails) which is critical for reconstructing local geometry.
Second, the local point clouds decoded from tactile signals
can be directly fused with the coarse point cloud, enabling
more straightforward and effective point cloud completion
and optimization. Previous work [5, 23, 28] required multi-
ple tactile data sensing steps towards the target object. Par-
ticularly in real-world scenarios, such concact could intro-
duce additional risks of damage and safety hazards, often
necessitating the object to be secured in place to prevent
movement. To this end, we propose TouchDream, a novel
framework that leverages a diffusion model to ‘dream’ of
tactile sensing on object surfaces. By ‘dreaming’ of plau-
sible tactile signals, we can provide extra guidance to the
completion network. This approach shifts the completion
paradigm from purely extrapolating global visual patterns
to incorporating imagined local tactile information.

However, generating tactile data based on coarse points
is a non-trivial problem. The primary challenge lies in the
extreme variability and complexity of 3D shapes. The tac-
tile distribution across an object’s surface is highly hetero-
geneous and is intimately tied to its local curvature proper-
ties. To circumvent the difficulty of direct 3D generation or
tactile image generation, we address this problem in a latent
space. We employ a diffusion model to generate compact
tactile latent vectors from coarse points and touch poses.
The generated latent vectors are then decoded to predict lo-
cal 3D geometry, which is subsequently transformed into
the world coordinate system. The sampled touch points is
finally used to refine the coarse points to achieve final com-
pletion (Figure 1).
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Extensive experiments validate the effectiveness of our
approach, demonstrating significant performance improve-
ments on point cloud completion task. The main contri-
butions are as follows: (1) We propose TouchDream, the
first method to refine coarse point clouds by generating tac-
tile information. (2) We introduce a diffusion model con-
ditioned on a coarse point cloud to generate tactile data.
This model learns latent vectors of tactile representations
based on the sampled touch poses. (3) We further leverages
the generated tactile information to refine the point cloud
and achieves state-of-the-art completed results on multiple
benchmark datasets.

2. Related Work

Partial point cloud-based shape completion. Point
cloud completion [7, 11, 17, 21, 43] has evolved from
geometry-driven methods based on geometric priors to
data-driven learning approaches. Among these, PCN [40]
established the coarse-to-fine framework, inspiring a se-
ries of two-stage successors [15, 27, 30]. Subsequent ef-
forts have focused on enhancing fine-grained detail re-
covery through specialized architectures. CRA-PCN [20]
and AnchorFormer [2] leverage cross-resolution interac-
tions and anchor-based transformers to improve multi-scale
and region-aware feature representation. SeedFormer [47]
and SnowflakeNet [32] propose novel upsampling strate-
gies via patch seeds and hierarchical splitting, respectively.
PoinTr [37], in contrast, reformulates point cloud comple-
tion as a set-to-set translation task. SymmCompletion [34]
incorporates symmetry priors to mitigate geometric incon-
sistencies, while LAKe-Net [26] addresses topological chal-
lenges using skeletal structure guidance.

Recently, diffusion models [8, 24] have become a pow-
erful paradigm in 3D vision [4, 28, 38, 45]. Beginning with
PVD’s [48] hybrid point-voxel representation, subsequent
works have expanded its application, including NSDS [3]
for zero-shot completion, 3DQD [14] for part-discretized
priors, and SDS-Complete [10] for text-guided generaliza-
tion. However, the performance of these methods remains
fundamentally limited by a lack of supplementary informa-
tion, resulting in poor reconstructions for severely incom-
plete inputs and an inability to recover fine local details.

Partial point completion with additional data. To ad-
dress the inherent ambiguity and severe geometric spar-
sity of partial point clouds, recent works increasingly in-
tegrate auxiliary data to enhance completion performance.
In single-view visual fusion, MVCN [9] employs depth im-
ages rendered from 3D shapes to perform 2D-domain com-
pletion via a conditional GAN. ViP [41] fuses a single-view
RGB image with the partial point cloud to extract global
structural priors, which are then integrated with local 3D
details and camera pose information to improve reconstruc-
tion fidelity. Similarly, CSDN [31] leverages RGB images



to capture fine-grained intrinsic shape features and refine
the completed geometry. For multi-view settings, SVD-
Former [49] utilizes multi-view depth images of the par-
tial input to generate global shape hypotheses, synthesiz-
ing new points through learned shape priors and geometric
constraints. PointSea [50] interprets incomplete shapes via
self-projected multi-view cues and explores self-structure
augmentation to enable global-to-local completion. More
recently, PCDreamer [29] encodes global-local shape in-
formation using a multi-view diffusion prior (which gener-
ates a set of multi-view images) and employs a shape fusion
module to suppress diffusion-induced noise, significantly
enhancing detail recovery.

Beyond visual cues, incorporating high-level semantic or
physical priors has also proven effective. For instance, Kas-
ten et al. [10] use textual descriptions of objects together
with partial point clouds to guide the reconstruction process.
Yang et al. [36] inject category-level semantics via a seman-
tic segmentation branch, while Ren et al. [19] exploit intra-
class geometric regularities, such as symmetry and shape
similarity among vehicles, as supplementary cues. Collec-
tively, these studies demonstrate that the effective fusion of
external signals with partial inputs substantially improves
completion quality, particularly for complex objects whose
observed geometry alone is insufficient.

Touch-based shape reconstruction. Touch-based re-
construction leverages tactile signals to recover object ge-
ometry in visually challenging scenarios. Tactile data is
used to map into 3D patches or combined with other modal-
ities to provide auxiliary information. For example, Li et
al. [13] integrated force-torque data to reconstruct curved
surfaces. TouchRoller [1] reconstructs object surface ge-
ometry through continuous tactile scanning. Touch-GS [25]
combines monocular depth and tactile information to pro-
duce a single set of training images that combine touch and
vision for 3D Gaussian Splatting. TAPCNet [16] fuses tac-
tile points and incomplete point cloud information in the
feature domain for point completion. Zhong et al. [46] em-
ploy NeRF-rendered RGB-D images as inputs to a condi-
tional GAN for generating tactile images at target orienta-
tions, but require extensive RGB data for NeRF training. In
contrast, ours needs only a coarse point cloud to generate
touch latent vectors for sampled contact poses.

Recent advances in deep learning have facilitated 3D ob-
ject reconstruction from sparse tactile observations. Exist-
ing methods typically employ high-resolution visuo-tactile
sensors, such as Gelsight [39] and Digit [12], to capture
tactile images either from randomly sampled surface loca-
tions [5, 22] or via learned exploration policies that strate-
gically select contact points [23, 28]. The acquired tactile
data supports accurate recovery of local geometry, thereby
refining fine-grained structural details. These methods re-
quire physical interaction in either simulated or real-world

8903

environments to collect tactile images. In contrast, we ac-
complish this by “dreaming” of tactile sensing, which refor-
mulates the sensing process as a learnable generative mod-
eling task. This allows us to optimize a coarse point cloud
using generated tactile information from poses sampled on
coarse point clouds.

3. Method

As shown in Figure 1, our method completes 3D ob-
jects by ‘dreaming’ of tactile sensing on objects to refine
coarse points. At the inference stage, we first produce a
coarse point cloud Yoase from the partial input X using a
pre-trained LSTNet from SymmCompletion [34]. We then
sample tactile poses, and for each pose, conditionally gen-
erate a touch latent code, using both the pose and coarse
point features, and decode it into local points. These points
generated from different poses are merged and sampled to
form Yiouch for coarse points refinement.

Figure 2 illustrates the architecture of our touch gener-
ation model, which comprises three key components: sam-
pling touch poses from coarse points (Figure 2a and Section
3.1), atouch encoder paired with a chart predictor to encode
touch signals into latent vectors and decode them into local
tactile points (Figure 2b and Section 3.1), and a conditional
diffusion model that generates touch latents from the poses
and coarse features (Figure 2c and Section 3.2). The gen-
erated tactile points are merged and utilized to guide the
coarse point completion (Section 3.3). In the following sec-
tions, we describe each of these components in detail.

3.1. Touch Latents

Generating tactile data from coarse points presents two
main challenges. First, the generation process is complex
due to the fact that tactile interactions sample from the en-
tire 3D space. Tactile information is inherently tied to lo-
cal curvature properties and points generated from different
touch poses exhibit significant coordinate variations. Sec-
ond, our objective involves generating tactile data on the
completed surface using poses sampled from coarse points.
This creates a training paradigm where the model uses poses
derived from the coarse point cloud, while the correspond-
ing tactile signals originate from ground-truth shapes, ne-
cessitating compensation for pose discrepancies.

To address the first challenge, we map touches to 1D la-
tent vectors and subsequently utilize a diffusion model to
effectively learn and sample from the distribution of latents.
Specifically, we train a touch encoder to extract latent rep-
resentations and then employ a local chart prediction net-
work [22, 23] for local shape inference. The local chart,
comprising mesh surface elements, is initialized from a base
triangular mesh with 25 vertices and faces. This base mesh
serves as a canonical template, with the network trained to
predict deformed 3D positions for all vertices while main-
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Figure 2. Our framework (a) leverages a pre-trained coarse completion network to initialize a point cloud for touch pose sampling, (c)
trains a conditional diffusion model to generate corresponding touch latents, (b) decodes them into local geometries via a pre-trained
predictor, and finally refines the output through integrated and sampled touch points.

taining fixed face connectivity. The network processes tac-
tile images by encoding them into a latent vector z, then
decodes this vector to predict 3D coordinates of local chart
vertices. These coordinates are subsequently transformed
into the world coordinate system using the rotation and
translation from the samples poses. For pose sampling, we
follow the framework used in [23, 28]. First, we define the
interaction action space by uniformly sampling 50 discrete
points on a spherical surface centered at the object’s cen-
troid. Then, the corresponding contact points are identified
as the intersection points between the approach rays and the
object’s convex hull. Notably, not all sampled poses yield
valid interaction outcomes: approach rays that fail to inter-
sect the convex hull generate no usable tactile signals. We
utilize only valid poses for both training and inference.

For the second challenge, we introduce an additional
network that predicts the transformation matrix to align
point clouds generated from coarse-point-sampled poses
with ground-truth completed surfaces. As illustrated in Fig-
ure 2b, we extract features from both coarse points and sam-
pled poses. These features are concatenated with the en-
coded latent vector z and processed through MLPs to pre-
dict rotation and translation parameters. The resulting trans-
formation is applied to the predicted chart coordinates to
achieve alignment with ground-truth surfaces. Local points
are sampled on the chart surface.

During training, we construct a dataset as follows: for
each object, we render tactile images at every valid touch
pose using the object’s mesh. Additionally, we sample cor-
responding touch poses from the coarse point cloud. For
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each such pose, the touch image is encoded, and the lo-
cal chart prediction network generates a local point cloud,
which is then transformed into world coordinates using the
predicted transformation. The resulting points are com-
pared with the ground-truth surface points via the Chamfer
Distance (CD) to supervise the training of both the transfor-
mation network and the touch encoder-decoder.

3.2. Conditioned Diffusion

Next, as illustrated in Figure 2c, we utilize the sampled
latent vectors z as sample space for probabilistic model €.
During training, Gaussian noise is incrementally added to
the latent vectors across random timesteps, and the model
learns to reconstruct the original vectors conditioned on
both the sampled touch poses and the initial coarse point
cloud Y, ouse- To enable this conditioning, we implement
two feature extractors: a point embedding module 7y that
extracts features from Yoarse and MLP 7, that encodes fea-
tures from each valid touch pose p. These conditioned fea-
tures guide the diffusion model’s denoising process. The
training procedure involves sampling a timestep ¢ and noise
to obtain z; from input latent vector zy. The model is then
trained to reconstruct zg using the following loss function:

Lairs = ”Q(Zta'Y(t)th(Ycoarse)aWp(p)) — 2

6]

25

where (t) is the tiemstamps embeddings, ||-||2 is MSE loss.
Point embedding module first partitions the point cloud into
local patches via Farthest Point Sampling (FPS) and K-
Nearest Neighbors (KNN), then aggregates each patch into
a compact feature vector through an MLP and max pooling.



The diffusion model €2 builds upon the DiffusionSDF [4]
framework, incorporating DALLE-2 [18] architecture with
additional cross-attention layers in each block. At infer-
ence time, the conditioned diffusion model performs itera-
tive generation starting from Gaussian noise zr ~ N(0,1):

2 = (g 0...0 g)(ZT7 T, 7TY(}/coarse)a 7Tp(p))’ 2)
where the denoising function g is defined as:
g(xta t, my (}/coarse); 7Tp(p)) =
Q(-'Eta V(t) |7TY (}/coarse), Tp (p)) +oe, (3)

with o, being the fixed standard deviation at timestep ¢ and

e ~N(0,1).
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Figure 3. Feature Fusion for Tactile and Coarse Point Cloud.

3.3. Touch-Guided Refinement

In this stage, our goal is to refine the initial coarse point
cloud Ycoarse using the generated touch point clouds Y;ouch-
The reason is that tactile signals provide valuable local 3D
shape information (including spatial contact points and de-
tailed geometric features) that enhances the reconstruction
of fine-grained local details, which has been demonstrated
in previous work [22, 23, 28].

For each sampled pose, we perform inference with the
diffusion model by denoising z7 over 1" steps to obtain the
latent code zy. Using the pre-trained Chart Predictor and
MLPs (Figure 2b), we then generate a local chart and pre-
dict its transformation parameters. Each pose yields one
chart, which is transformed into the world coordinate sys-
tem according to its pose. All transformed charts are subse-
quently merged, and points are randomly sampled to form a
final point cloud composed of scattered tactile points.

To guide coarse point refinement, we adopt a network
architecture similar to SymmCompletion [34] and leverage
tactile features as guidance. We first use multiple MLPs
and point transformers [44] to extract features from the tac-
tile point cloud. Cross-attention and self-attention mech-
anisms are then employed to effectively incorporate tactile
cues into the refinement process, aggregating geometric fea-
tures from the coarse points with the imagined tactile fea-
tures. The fused representations are iteratively fed into an
upsampling network composed of self-attention layers and
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a point-shuffle module, which predicts per-point offsets to
generate a denser and more detailed point cloud.

The loss function for point completion is total Chamfer
Distance between the initial and each finer output:

L= Z Lep (Y, Vi)
i—1

“4)

where Y, is the ground truth point cloud, Y; is the i-th finer
output and n is the the number of Touch Guidance Blocks,
respectively.

4. Experiment

In this section, we begin by presenting the implementa-
tion details and experimental setup. We then perform exper-
iments on several datasets to evaluate our method with pre-
vious approaches, assessing both quantitative and qualita-
tive performance in point completion task. Finally, we per-
form experiments specifically designed to validate whether
our proposed approach is indeed necessary.

4.1. Experimental Settings

Implementation details. In the latent touch training
stage, for each target object in the dataset, we used up to 7
tactile image and point cloud pairs, trained for 500 epochs
with the Adam optimizer and a initial learning rate of le-5.
For the diffusion model training, we conducted 500 epochs
using the Adam optimizer with a initial learning rate of 2e-
4. In the touch-guided refinement stage, we employed the
AdamW optimizer with a initial learning rate of 2e-4 for
420 epochs. All training procedures were performed on a
single RTX 4090 GPU with a batch size of 16. For touch
points fusion and sampling, we aggregated points generated
from valid poses among 50 predefined locations and ran-
domly sampled 256 points.

Datasets. We evaluate our method on the standard PCN
and ShapeNet55/34 benchmarks for point cloud comple-
tion. The PCN dataset [40], derived from ShapeNet core, is
an established point cloud completion benchmark contain-
ing 30,974 models across 8 categories with partial-complete
point cloud pairs. In comparison, the ShapeNet55 dataset
offers a broader testbed with approximately 55,000 models
spanning 55 categories, while the ShapeNet34 dataset [37]
provides 34 seen categories and 21 unseen categories to val-
idate the model’s generalization capabilities. For touch data
rendering, we utilize the object mesh and employ the sim-
ulation environment from [23] and simulate tactile interac-
tions via poking to render tactile data of the target object at
50 predefined positions. The objects are normalized with
their centers aligned at the origin. During the collection
of tactile data and input into the diffusion model, they are
scaled down by a factor of 3.1, and will be rescaled back
to their original size after generating the tactile point cloud.



Method Plane Cabinet Car Chair Lamp Couch Table Boat | CD-Avg () F1(1)

PCN [40] 5.50 22.70 10.63 8.70 11.00 1134 11.68 8.59 9.64 0.70
PoinTr [37] 4.75 10.47 8.68 9.39 7.75 10.93 7.78 7.29 8.38 0.75
SnowflakeNet [32] 4.29 9.16 8.08 7.89 6.07 9.23 6.55 6.40 7.21 0.80

FBNet [35] 3.99 9.05 7.90 7.38 5.82 8.85 6.35 6.18 6.94 -
SeedFormer [47] 3.85 9.05 8.06 7.06 5.21 8.85 6.05 5.58 6.74 0.82
SVDFormer [49] 3.62 8.79 7.46 6.91 5.33 8.49 590 5.83 6.54 0.84
AnchorFormer [2] 3.70 8.94 7.57 7.05 5.21 8.40 6.03 5.81 6.59 0.83

CRA-PCN [20] 3.59 8.70 7.50 6.70 5.06 8.24 572  5.64 6.39 -
PCDreamer [29] 3.52 8.72 6.89 6.71 5.64 8.32 624 584 6.49 0.86
PointSea [50] 3.52 8.54 7.33 6.58 5.21 8.24 5.75 5.62 6.35 0.86
SymmCompletion [34] | 3.53 8.49 7.30 6.52 5.06 8.23 5.64 549 6.28 0.85
Ours 3.39 7.93 7.16 6.34 4.91 7.83 543 553 6.05 0.87

Table 1. Quantitative results on the PCN dataset (L1 CD x10%, and F1-Score@1%). We show the Chamfer Distance for each category

while reporting the average on the metrics on the right.

Input PoinTR AnchorF

CRA-PCN

SymmC

Ours GT

Figure 4. Visualization of results on the PCN dataset. Our model outperforms previous methods in completion fidelity, consistency, and
local geometry recovery. AnchorF: AnchorFormer, SymmC: SymmCompletion.

Note that not all positions yield valid tactile information.
Additionally, to rigorously test generalization, we follow
[37] to validate our model (trained on ShapeNetCar) on the
real-world KITTI dataset [6], challenging it with sparse Li-
DAR data from driving scenarios.

4.2. Comparisons with State-of-the-Art Methods

We present a comprehensive evaluation of our method
against state-of-the-art approaches across multiple datasets.
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Evaluation on PCN. Table | summarizes the quantita-
tive comparison on the PCN dataset using L1 CD and F1-
Score metrics. Our method achieves the best overall per-
formance, obtaining the lowest average CD values and the
highest F-Score across most object categories. This demon-
strates our approach’s effectiveness in generating geometri-
cally accurate and complete point clouds. The visual qual-
ity of our completed point clouds is further demonstrated
through qualitative comparisons in Figures 4. The results



Method 55 categories 34 seen categories | 21 unseen categories
Table Chair Plane Car Sofa | CD-Avg () CD-Avg (|) CD-Avg (1)

PCN [40] 213 229 102 185 2.06 2.66 222 3.85
GRNet [33] 1.63 1.88 1.02 164 172 1.97 1.74 2.99
PoinTr [37] 0.81 095 044 091 079 1.09 1.23 2.05
SeedFormer [47] 072 0.81 040 0.89 071 0.92 0.83 1.34
AnchorFormer [2] 0.58 0.67 033 069 0.58 0.76 0.70 1.19
CRA-PCN [20] 0.66 074 037 0.85 0.66 0.85 0.76 1.24
PCDreamer [29] 098 071 040 096 0.85 0.90 0.76 1.09
SymmCompletion [34] | 0.50 0.60 0.29 0.64 0.51 0.69 0.60 0.97
Ours 042 058 0.28 0.68 0.51 0.65 0.59 0.66

Table 2. Results of L2 CD x10% on the ShapeNet55/34 dataset. We show the Chamfer Distance for some categories while reporting the

average on the metrics on the right.

confirm that our method is superior at preserving the under-
lying geometry and reconstructing consistent local details.
For instance, as shown in the first example, prior methods
tend to yield incomplete structures, while in the second and
third examples, they fail to recover fine details. In contrast,
our approach generates more complete and detailed outputs.
We attribute this enhancement to the guidance from the gen-
erated tactile signals, which provides effective cues for re-
fining the object’s local structures.

Evaluation on ShapeNet-55/34. We extend our evalu-
ation to the more comprehensive ShapeNet-55 dataset, with
results detailed in Table 2. Furthermore, we investigate the
generalization capability by evaluating on both the 34 seen
categories and 21 unseen categories from ShapeNet-34. Our
method outperforms other methods, and it achieves a signif-
icant improvement particularly on unseen categories. The
results reveal that our method exhibits superior generaliza-
tion performance, suggesting strong learning of fundamen-
tal shape priors.

The key to our method’s consistent improvements across
these datasets lies in its unique capability to generate the lo-
cal geometry from imagined tactile information. This local
geometry enhances the fine-grained details of the final out-
put, as will be further validated in the experimental analysis
(Section 4.3).

Metric PointTR [37] SVDF [49] SymmC [34] Ours
FD | 0.0 11.3 2.54 1.43
MMD | 8.21 0.97 1.72 0.71

Table 3. Generalization performance on KITTI dataset. SVDF:
SVDFormer, SymmC: SymmCompletion.

Evaluation on Real-World Generalization To assess
the practical applicability of our approach, we evaluate
its generalization performance on the KITTI dataset us-
ing models trained on the ShapeNet Car category. This
setup tests sim-to-real transfer capability under challeng-
ing real-world conditions, including severe point sparsity,
sensor noise, and unstructured environments. We report
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the Fidelity Distance (FD) and Minimal Matching Distance
(MMD) in Table 3.

As noted by SymmCompletion [34], the domain and
scale gap between the KITTI dataset and the PCN dataset
may affect the fairness and accuracy of quantitative com-
parisons. Although their method does not achieve the best
results, it demonstrates better visual completeness. Figure 5
presents the completion results from two viewpoints for two
representative cases. The qualitative results demonstrate
that our method produces more reasonable and coherent
completions on real-world data, with particularly superior
handling of local geometric details. These qualitative out-
comes, combined with quantitative results on the ShapeNet
21 unseen categories, strongly support the generalization
ability of our approach.

Case A Case B
View 1 View 2 View 1 View 2
Input
Symm D
Completion e
Ours

Figure 5. Visualization of results on the KITTI dataset.

4.3. Analysis of TouchDream

To validate the necessity of our approach, we conducted
further experimental analysis and report results on the PCN
dataset in the following.

Does generated touch help? We compare three guid-
ance strategies for point cloud refinement: generated touch
(T-GEN), ground truth touch (T-GT), and skeleton points
from the ground truth shape (S-GT). Results in Table 4 and
Figure 6 show that the ground truth tactile pointss obtained



are superior to skeleton points, confirming the role of tactile
information in point completion tasks. Moreover, the tactile
generation method proposed in this paper achieves results
comparable to those obtained from simulated tactile point
clouds, illustrating the effectiveness of imagined touch.

T-GEN S-GT T-GT
6.05 6.04 5.93

Metric
CD-Avg |

Table 4. Comparison of guidance point sources.

Input S-GT

T-GT

T-GEN GT

Figure 6. Visualized comparison of guidance point sources.

Metric
CD-Avg |

Touch Guide
6.05

Combine

6.02

Symmetry Guide
6.28

Table 5. Comparison of different Guidances.

Input

Symm

Touch Combine GT

Figure 7. Visualized comparison of different guidance.

R/T 0/0 0.005/0.002 0.01/0.005 0.02/0.01
w/o DA  6.053 6.061 6.085 6.183
DA 6.060 6.064 6.069 6.087

Table 6. Evaluation of the touch pose estimation affect.

Comparison of symmetry guidance with touch guid-
ance. In this test, we use either the only symmetry guid-
ance from SymmCompletion[34], only touch guidance, or
their combination to guide the point refinement. The quan-
titative and qualitative results are summarized in Table 5 and
Figure 7 (Symm: SymmCompletion [34]). Our results show
that generated touch guidance yields superior performance
to symmetry guidance and also achieves competitive perfor-
mance compared to their combination, as it robustly recov-
ers finer details and avoids the poor local results that sym-
metry guidance produces with highly incomplete inputs.
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Affect of Touch Pose Estimation We conducted exper-
iments to assess how touch pose estimation affects final re-
sults. As shown in the table 6: The first row lists the max-
imum values of uniformly random noise applied to the ro-
tation euler angles and translation respectively. The second
row reports the corresponding Chamfer Distance ({) of our
model at test time. To mitigate pose sensitivity, we also ap-
plied uniform random noises to poses as data augmentation
during training and presented test results in the third row.

Limitations.  Although our model achieves state-of-
the-art performance, its effectiveness is contingent upon the
initial coarse point cloud. When input data is limited, lead-
ing to a coarse prediction that significantly deviates from
the ground truth, the subsequent tactile point cloud may
fail to capture the object’s true geometry, thereby compro-
mising the final output. Furthermore, we need to use the
object mesh to render tactile images as supervision for the
network. Another key limitation pertains to computational
efficiency. Since our approach generates a tactile latent code
for every sampled touch pose and then performs decoding,
transformation, and sampling to obtain the local geometry,
the process is inherently more time-consuming. Notably, a
full evaluation on the 1,200 shapes from the PCN dataset
required 6.7 hours on a single NVIDIA GTX 4090 GPU.

5. Conclusion

In this work, we present TouchDream, a novel frame-
work that integrates a diffusion model to imagine touch
on object surfaces. A key component of our framework
is a diffusion model trained to generate tactile latent vec-
tors, where the generation is conditioned on the coarse point
cloud and a series of sampled touch poses. This collection
of local points is then merged and sampled to serve as the
fuel for the point completion and refinement. Extensive ex-
periments validate the effectiveness of our method, demon-
strating significant improvements in point completion per-
formance, particularly in recovering fine-grained details.

There are some future directions. First, a learnable tac-
tile pose sampling strategy, trained via reinforcement learn-
ing as in [28] and [23], could be developed to enable ac-
tive tactile generation. Second, integrating tactile and vi-
sual generation into a unified multimodal framework may
further enhance completion quality through cross-modal fu-
sion. Finally, the local geometry generated from imagined
touch could be leveraged to refine 3D Gaussians predicted
from single (or few) images.
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