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Figure 1. Tactile Localization. We introduce a task where the goal is to localize the visual regions that correspond to given tactile inputs.
Left: The scene remains the same while different touch signals are given, and the model localizes the corresponding regions. Right: Some
regions are replaced with different materials; the model should stop highlighting them when they no longer match the touch signal and
highlight them again once the touch signal matches the new material.

Abstract

We address the problem of tactile localization, where the
goal is to identify image regions that share the same ma-
terial properties as a tactile input. Existing visuo-tactile
methods rely on global alignment and thus fail to cap-
ture the fine-grained local correspondences required for
this task. The challenge is amplified by existing datasets,
which predominantly contain close-up, low-diversity im-
ages. We propose a model that learns local visuo-tactile
alignment via dense cross-modal feature interactions, pro-
ducing tactile saliency maps for touch-conditioned mate-
rial segmentation. To overcome dataset constraints, we in-
troduce: (i) in-the-wild multi-material scene images that
expand visual diversity, and (ii) a material-diversity pair-
ing strategy that aligns each tactile sample with visually
varied yet tactilely consistent images, improving contex-
tual localization and robustness to weak signals. We also
construct two new tactile-grounded material segmentation
datasets for quantitative evaluation. Experiments on both
new and existing benchmarks show that our approach sub-
stantially outperforms prior visuo-tactile methods in tactile
localization. Project page: https://mm.kaist.ac.
kr/projects/SeeingThroughTouch/.

1. Introduction

Humans possess a natural ability to infer the tactile prop-
erties of the world around them [16]. With a single touch,
we can grasp how a material feels, its softness, roughness,
or texture, and immediately associate that sensation with vi-
sual cues in the environment [32]. When we touch a velvet
cloth, we can easily identify other regions in a scene that
would evoke the same tactile feeling, even without physi-
cally touching them. This cross-modal skill suggests that
tactile perception and visual understanding are intertwined,
allowing us to reason about how things feel simply by look-
ing at them.

Inspired by humans’ ability to imagine how surfaces feel
from their visual appearance, we investigate whether ma-
chines can perform a similar reasoning process. To this
end, we define the tactile localization task, where a model
is given a tactile input and must identify regions in an im-
age that share similar material properties. This task can
be viewed as a material segmentation conditioned on tac-
tile cues rather than purely visual ones [4, 30, 33], guiding
the model to learn visual features that correspond to tactile
properties. However, enabling such visuo-tactile reasoning
poses several unique challenges.



We focus on learning local visuo-tactile representations
that emerge from dense cross-modal feature interactions,
a capability often missing in existing approaches. Prior
work on visuo-tactile learning has predominantly focused
on global alignment between modalities, using similar-
ity between pooled representations or CLS tokens to cap-
ture coarse semantic correspondence across entire samples.
While such methods can determine whether an image and
a tactile input correspond to the same material, they fail
to identify where in the visual scene a given tactile prop-
erty exists. This limitation prevents existing models from
supporting downstream tasks that require spatial reasoning,
such as tactile localization. To address this, we propose a
model that computes dense similarity maps between local
tactile and visual features, producing tactile saliency maps
that highlight image regions expected to evoke the same tac-
tile sensation as the given touch.

In addition to architectural limitations, existing dataset
constraints also make this task challenging to learn. Most
existing datasets consist of close-up, texture-centric images
in which nearly the entire image corresponds to a single tac-
tile category, as the contact point or object is shown at a very
close range. Additionally, the visual frames corresponding
to the touch signals remain nearly identical (see Figure 4).
This limited information and diversity result in only a few
effective image–tactile pairs, making them insufficient for
learning strong cross-modal alignment. To address these
challenges, we adopt two key strategies. First, we extend
the visual data with in-the-wild, open-world, scene-level
images containing multiple material types. Second, lever-
aging the observation that similar materials evoke similar
tactile sensations, we introduce a material diversity-based
pairing strategy that associates one tactile sample with mul-
tiple visually diverse yet tactilely consistent images. This
not only enriches the visuo-tactile correspondence space,
allowing the model to learn more robust contextual tactile
localization, but also provides an emergent ability to handle
weak tactile signals more effectively.

Lastly, the main goal of this paper is to achieve tactile-
grounded material segmentation; accordingly, we aim to
evaluate our model’s ability to perform this task. However,
no existing dataset provides both image-tactile pairs and
corresponding segmentation maps suitable for this purpose.
Therefore, we constructed two new datasets: the first ex-
tends the Touch-and-Go (TG) [36] dataset by adding pixel-
level material segmentations for the corresponding touch
samples, and the second is a newly curated dataset of scene-
level in-the-wild images collected from the web, annotated
with material regions aligned to tactile categories. Evalua-
tion on both new and existing datasets, including OpenSur-
faces [3], shows that our model outperforms prior visuo-
tactile methods and baselines in tactile localization.

Our main contributions are as follows:

• We propose a local visuo–tactile alignment model that
produces dense tactile saliency maps to identify image re-
gions sharing the same tactile sensation as a given touch
input for material segmentation.

• We curate in-the-wild, scene-level multi-material images
and propose a material-diversity pairing strategy that en-
riches local visuo-tactile correspondence and improves
robustness to weak tactile signals.

• We construct two new tactile-grounded material segmen-
tation datasets for evaluation and demonstrate that our
model outperforms existing methods.

2. Related Work

Visuo-Tactile Representation Learning. Early work on
modeling cross-modal associations between touch and vi-
sion jointly learned a shared representation by training
CNNs across visual, tactile, and depth images for fabric
classification [39]. More recently, this direction has shifted
toward self-supervised learning [8, 10, 12, 19, 36, 37, 40].
While [19, 36] employ general multimodal contrastive
learning between vision and touch, [8] extends this idea
by incorporating both inter- and intra-modal relationships.
Further studies [37] expand beyond touch–vision learning
by connecting the tactile modality to language and sound
as well, by aligning touch embeddings with image embed-
dings [15] already aligned with language and audio. Like-
wise, [12] connects touch to vision and language but adopts
a pairwise approach rather than binding via images. Al-
though these methods address visuo-tactile learning, they
primarily emphasize global alignment, producing embed-
dings that capture coarse semantic correspondences across
entire samples but lack localization ability in their local fea-
tures. In contrast, our work focuses on fine-grained local
alignment, where tactile sensations correspond to specific
visual regions that feel similar, using contrastive learning at
the local level.

Visuo-Tactile Localization. Tactile localization has been
explored in various forms across the field, with differing
objectives but a shared formulation in which, given a tactile
signal, the goal is to identify the corresponding region in a
visual scene. [19] defines this task as contact localization
on garment data using a robotic arm, following pre-training
with spatially aligned tactile–vision data. TaRF [10] in-
tegrates tactile sensing into neural radiance fields to learn
a shared 3D representation of vision and touch, enabling
spatially aligned tactile prediction within 13 reconstructed
scenes and localization of contact points in 3D space. In
contrast, our work focuses on tactile localization in in-the-
wild 2D RGB images, where no explicit geometry or scene
reconstruction is available and the domain is not restricted
to garments. Instead of pinpointing a single contact lo-
cation, our model segments all image regions that exhibit
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Figure 2. Pipeline of Seeing Through Touch. Tactile and visual encoders extract features from touch signals and paired images. These
features are used to compute visuo-tactile similarities for contrastive learning. We extend visuo-tactile pairing by linking each tactile signal
to diverse in-domain (Touch-and-Go) and out-domain (Web-Material) images of the same material category, leveraging the insight that
similar materials evoke similar tactile sensations.

similar material properties to the given touch. From this
perspective, our task is related to [30], which selects image
regions sharing the same material with a user-selected query
pixel. However, unlike [30], our method uses tactile sensory
input as the query rather than a pixel within the same image,
making the problem more challenging, as it requires discov-
ering cross-modal correspondences rather than performing
in-domain segmentation.

3. Methodology
Our goal is tactile localization – identifying image regions
that share the same tactile sensation as a given touch in-
put for material segmentation. We propose Seeing Through
Touch (STT), a framework that encodes paired tactile and vi-
sual inputs into a shared space and learns fine-grained local
cross-modal alignment through contrastive learning. To en-
hance alignment, a material diversity-based pairing strategy
leverages intra-category material variation, while additional
in-the-wild web images further improve generalization. An
overview is shown in Figure 2.

3.1. Preliminaries

Contrastive Learning encourages positive pairs to be close
and negative pairs to be far apart. In visuo-tactile learning,
let Et and Ev be the tactile and visual encoders, respec-
tively. Given a tactile feature fti = Et(ti) and its positive
visual counterpart fvi = Ev(vi), with negatives fvj (i ̸= j)
from a dataset D = {(vi, ti)}Ni=1, the loss is:

Li = − log
exp(s(fti , fvi)/τ)∑
j exp(s(fti , fvj )/τ)

, (1)

where s is a cross-modal similarity and τ is a tempera-
ture [35]. As in prior works [23, 24, 27, 28, 36, 37], this

loss is applied symmetrically.

Vision and Tactile Encoders with Aligner. Given an im-
age vi and its paired tactile sample ti, the encoders ex-
tract modality-specific features. Both encoders consist of
a backbone network followed by a shallow aligner net-
work. This process maps the visual and tactile inputs into a
shared representation space, producing a visual feature map
fv ∈ RC×H×W and a tactile feature map ft ∈ RC×H×W .
Here, H and W denote the spatial dimensions, and C rep-
resents the channel dimension of the shared feature space.

Similarity Function. To achieve fine-grained visuo-tactile
alignment, it is essential to use a function that computes the
similarity between tactile and visual features with consider-
ation of the task. As we aim to find the regions in the image
that correspond to the given tactile input, we first aggregate
the tactile feature into a 1-D vector:

f̄t = avgh,w (ft[h,w]) , (2)

where ft[h,w] ∈ RC refers to the 1-D vector at location
[h,w] of ft ∈ RC×H×W . We then construct a similarity
map M ∈ RH×W from the aggregated tactile feature and
the visual feature map:

M [h,w] = f̄t · fv[h,w], (3)

where fv[h,w] ∈ RC denotes the 1-D vector at location
[h,w], and · represents the inner product. Thus, we obtain a
similarity map between the tactile input and its correspond-
ing image. The final similarity score is the max-pooled
value of the similarity map:

s(ft, fv) = max(M). (4)



3.2. Training Pairs

By analyzing the popular visuo-tactile benchmark TG [36],
we make several observations and use them to design our
training pair strategy as follows.

Touch Instance. A touch instance refers to the action in
which the collector presses and releases the sensor on an
object surface, during which synchronized tactile and im-
age frames are recorded [36]. Formally, it consists of a se-
quence of frames (v1, t1), (v2, t2), . . . , (vT , tT ), where T
is the number of frames in the instance. Although tactile
signals vary throughout a touch instance, the corresponding
visual frames remain nearly identical despite slight camera
pose changes, making the visual modality temporally in-
variant.

Positive Pair Construction. Images and tactile signals
from the same touch instance inherently correspond to the
same material. Thus, any tactile frame ti and image frame
vi from that instance can form a positive pair, as done in
prior contrastive learning–based methods. However, given
our observation that the visual modality is temporally in-
variant, positive pairs can also be constructed by randomly
sampling a tactile frame tj and an image frame vi from the
same instance, even when i ̸= j. The similarity between
tactile and visual features is then computed using Eq. 4
as s(ftj , fvi), which represents our training pair strategy.
Moreover, this temporal invariance of the visual modality
enables leveraging the fact that similar materials evoke sim-
ilar tactile sensations. As a result, tactile frames can be
mapped to visually similar images without requiring precise
temporal correspondence, as we discuss in the next section.

3.3. Material Diversity-Based Pairing

In the visuo-tactile context, a tactile sensation is treated as
a positive pair with its corresponding image, while negative
pairs are sampled from other images. However, as men-
tioned earlier, the images within the same touch instance
are highly similar, so regardless of the pairing combinations
within each instance, only a few effective image–tactile
pairs are obtained. This limited diversity makes the learning
objective insufficient for strong cross-modal alignment. To
address this, we extend contrastive learning by pairing each
tactile signal with diverse images from both in-domain and
out-domain samples of the same material category, thereby
improving visuo-tactile alignment.

In-domain Pairing. Let our dataset consist of N touch
instances, each represented as (cn, yn), where cn is the
n-th instance and yn is its material category label: D =
{(c1, y1), (c2, y2), . . . , (cN , yN )}. Each instance cn con-
tains a sequence of synchronized tactile and image frames:
cn = {(vn1 , tn1 ), (vn2 , tn2 ), . . . , (vnTn

, tnTn
)}. Even within the

same material category yn, tactile signals can vary due to

inherent structural differences between instances. To cap-
ture this diversity, we consider all instances that share the
same material category and randomly sample tactile and im-
age frames across these instances to construct positive pairs.
The similarity between a tactile feature fn

tj from instance cn
and an image feature fm

vi from instance cm of the same ma-
terial category is computed using Eq. 4 as s(fn

tj , f
m
vi ).

Out-domain Pairing. Let the additional image dataset be
Dout = {(v1, y1), (v2, y2), . . . , (vl, yl)} where each image
vi is labeled with its material category yi. Since these im-
ages do not have temporal sequences and are not naturally
paired with tactile data, we construct positive pairs by sam-
pling tactile frames tnj from existing instance cn in the main
dataset whose material category yn matches yi. The simi-
larity function between a tactile feature and an out-domain
image feature is computed using Eq. 4 as s(fn

tj , fvi). This
formulation allows all l images in Dout to be leveraged for
cross-modal alignment, using tactile frames drawn from the
existing dataset.

3.4. Collecting Additional Images
In the Touch-and-Go dataset, the images are extremely
close-up, with the material filling almost the entire scene
except for the collector’s hand and the sensor, as illustrated
in Figure 4. Consequently, the dataset is ineffective as both
a training source and an evaluation benchmark for tactile lo-
calization. To address this, we collect additional scene-level
images containing multiple material types from the web and
a prior material understanding dataset [4]. As described
in Section 3.3, these open-world images are paired with tac-
tile samples from the TG based on material categories, since
similar materials evoke similar tactile sensations.

Image Collection. We collect images from search engines
using descriptive phrases that capture diverse real-world
contexts for each material. For every tactile category in the
TG dataset, we prompt an LLM [1, 7] to generate richer
queries beyond simple class names, which are then used to
retrieve relevant and diverse web images. The LLM instruc-
tion for this process is provided in the supplementary mate-
rial. For example, for the category “Brick”, the LLM gen-
erates phrases such as “brick house in a suburban neighbor-
hood”, “brick chimney in a cozy living room”, and “brick
bridge over a river”. By incorporating such phrases cov-
ering varied objects, structures, and environments, the col-
lected images represent each material across a broad range
of visual and contextual variations. Additionally, we collect
images from MINC [4], a dataset of materials in the wild.
Since we use tactile data from the TG dataset, 11 of its 18
categories overlap with MINC, yielding about 17K samples.

Image Filtering. After collecting images from the web, we
filter out misclassified samples belonging to visually sim-
ilar but incorrect categories. For each category, the LLM



suggests potentially confusing alternatives, and we compute
a CLIP [24] similarity score between images and category
names, retaining only images whose original category has
the highest similarity score. For example, for “Brick”, we
use prompts such as “a photo of brick”, “a photo of con-
crete”, “a photo of stone”, and “a photo of rock”, keeping
only images most similar to the first prompt. After this au-
tomated filtering, human annotators make minimal refine-
ments by removing remaining unrelated images.

3.5. Implementation and Training Details
3.5.1. Architecture Details

Image encoder Ev(·) and Tactile encoder Et(·). We
adopt DINOv3 [31], pre-trained on large scale image
datasets [9, 26, 34], in a self-supervised manner, for both
encoders. An aligner module consisting of a Channel-wise
LayerNorm [2] block and a 1x1 convolutional layer is ap-
pended to the end of each backbone. During training, we
freeze the image backbone and optimize the image aligner
together with the entire tactile encoder according to our
training objective.

3.5.2. Implementation Details
Our model takes a single image and a tactile signal as input,
each of size 224 × 224. Both image and tactile data are pre-
processed with standard image augmentations. The training
is conducted on 4 A5000 GPUs with an effective batch size
of 64. See the supplementary material for details.

4. Experiments
4.1. Datasets

Training datasets. Our training data come from two
sources: 1) Touch-and-Go (TG) [36]: It contains approx-
imately 246k pairs of images and tactile signals. Although
several visuo–tactile datasets exist [5, 13, 14, 19, 21], most
are limited to tabletop, object-centric, or simulated settings.
Since we target tactile localization in real scenes, we use
TG, which was collected by human operators across diverse
sub-scene environments beyond controlled setups. 2) Our
image dataset (Section 3.4): It consists of 32,107 web-
collected images with diverse scenes and multiple material
categories. Based on the training setup described in Sec-
tion 3.2 and Section 3.3, these datasets are used accordingly.

Testing datasets. We evaluate localization performance us-
ing the following datasets. As no existing dataset fits this
purpose, we created new benchmarks.
• TG-Test: We manually annotated material segmentation

masks based on ground-truth tactile categories. Since this
dataset already contains tactile signals, it naturally forms
visuo-tactile pairs. The pairs are taken from the test split
of [36], totaling 579 samples across 18 categories.

• Web-Material: We manually annotated material seg-
mentation masks for web-crawled images that are com-
pletely disjoint from the training split. Tactile signals are
mapped from the Touch-and-Go dataset based on cate-
gory matching, yielding 675 samples covering 18 cate-
gories.

• OpenSurfaces [3]: As it already provides segmentation
masks for material recognition, we use them directly and
map tactile signals from TG based on overlapping cate-
gories, resulting in 211 samples across 13 categories. As
these datasets lack corresponding tactile signals, we pair
each image with a prototype feature computed by averag-
ing the start, middle, and end tactile frames.

We use an online annotation tool [18] built on top of the
Segment Anything Model (SAM) [20]. By selecting key-
points on images with simple mouse clicks, annotators ob-
tain high-quality segmentation masks. They segment each
region according to the given tactile categories. Example
annotations are shown in Figure 3.

4.2. Baselines
We compare our methods against the baselines and prior
visuo-tactile works, grouping them according to the per-
spectives used for analysis and comparison.

Visual Bias. As mentioned earlier, the visual images may
consist of close-up shots or exhibit visual bias, as the re-
gion of interest is often single, centered, or easily identifi-
able without tactile information. We introduce the follow-
ing baselines to assess and reveal such bias: (1) Full Square
and (2) Full Circle binary masks: These involve no visual
or tactile understanding and simply apply a fixed square
(224×224) or circular (diameter 224) mask; (3) DINOv3
Attention Map: a vision-only baseline that captures visual
objectness without tactile cues.

Global vs. Local Alignment. Existing visuo-tactile works
primarily employ global alignment between the two modal-
ities, whereas localization requires dense, fine-grained lo-
cal alignment. The following baselines are used to validate
this hypothesis and our learning objective: (1) TVL [12]: A
recent state-of-the-art visuo-tactile method that aligns CLS
tokens. We use its without-language setting for fair com-
parison. A variant with a frozen CLIP-Large pretrained im-
age encoder and a ViT-Tiny tactile encoder is trained from
scratch using the same data as ours. (2) STT-CLS: A vari-
ant of our model trained with a CLS-token alignment ob-
jective. (3) STT-Local: A variant of our model trained
with a proposed local alignment objective only with posi-
tive pair construction of Section 3.2. (4) STT-Indomain: A
version of STT-Local that incorporates In-domain material
diversity-based pairing. (5) Seeing Through Touch (STT):
Our final model, which extends STT-Local by employing
Out-domain material diversity-based pairing.



Model TG-Test Web-Material OpenSurfaces [3]

mAP mIoU mAP mIoU mAP mIoU

Binary-mask
Full Square - 67.25 - 32.13 - 18.13
Full Circle - 61.75 - 34.20 - 18.19
Visual Heatmap
DINOv3 Att. Map [31] 83.74 74.27 62.73 47.12 18.91 19.04

Global Alignment
TVL w/o Language [12] 70.61 68.12 32.16 32.16 17.93 18.61
STT-CLS 73.63 73.49 39.35 34.74 17.98 19.07

Local Alignment
STT-Local 85.12 76.79 67.72 52.34 37.25 29.47
STT-Indomain 86.95 77.58 71.33 55.73 42.54 34.10
STT 87.56 76.82 77.43 60.94 48.06 36.73
Upper Bound Baselines
GroundedSAM [25] - 77.22 - 67.03 - 50.23
Materialistic [30] 96.29 87.91 91.22 76.14 88.77 69.83

Table 1. Tactile Localization Results on TG-Test, Web-
Material, and OpenSurfaces.

Upper Bound Baselines. We also include two upper-bound
references. These baselines are not intended for direct
comparison, but serve as reference points to indicate how
far localization performance could reach under more favor-
able conditions: (1) GroundedSAM [25]: A large-scale vi-
sion–language segmentation model that uses text prompts
for segmentation; in our experiments, the tactile category
name is used as a prompt. (2) Materialistic [30]: A material
segmentation model that uses a user-clicked visual prompt;
in our setup, a pixel from the ground-truth segmented area
is provided as the prompt.

4.3. Main Results
4.3.1. Comparison with Prior Works and Baselines
We evaluate our method against prior works and strong
baselines on three test sets, TG-Test, Web-Material, and
OpenSurfaces, defined in Section 4.1. We use mAP and
mIoU as evaluation metrics following the standard multi-
modal grounding protocols [6, 11, 17, 22, 27]. The results
are presented in Table 1. Our model consistently outper-
forms prior works and relevant baselines. Key findings are
as follows:
1. Local visuo-tactile alignment is essential for tactile lo-
calization. Our results show that global alignment is not a
suitable objective for learning tactile localization. All vari-
ants of our local alignment objective outperform both TVL
and STT-CLS across all test sets by a large margin, as these
methods rely on global alignment. This validates the moti-
vation of our work and shows the necessity of the proposed
method over existing visuo-tactile approaches.
2. Material diversity-based pairing effectively improves
visuo-tactile alignment. We observe that applying mate-
rial diversity-based pairing consistently yields clear gains
over STT-Local, both in the in-domain and out-domain set-
tings. Incorporating additional in-the-wild images further
improves performance, with +5.21 mIoU on Web-Material
and +2.63 mIoU on the OpenSurfaces benchmark, suggest-

ing enhanced semantic alignment between the two modal-
ities through exposure to greater visual diversity. These
results support our hypothesis that the limited diversity of
existing datasets restricts cross-modal alignment, and that
leveraging the insight that similar materials evoke similar
tactile sensations offers a straightforward yet effective solu-
tion. Moreover, diversity-based pairing enables better uti-
lization of limited and expensive tactile data, as even in-
domain pairing leads to noticeable improvements.
3. Tactile localization requires true visuo-tactile alignment.
The gap between the DINOv3 Attention Map and any vari-
ant of our local visuo-tactile alignment shows that this task
requires true cross-modal understanding between the two
modalities, as the difference between our method and the
visual heatmap baseline remains substantial, except on the
TG-Test dataset, which will be discussed later.
4. Upper-bound baselines indicate that achieving highly ac-
curate localization still remains a challenge. As discussed
in Section 4.2, these baselines are not meant for direct com-
parison but serve as reference points to show how far local-
ization performance could reach under more favorable con-
ditions. GroundedSAM reflects the level of performance
achievable when substantial explicit tactile understanding
is assumed, while Materialistic estimates an upper bound
under ideal cross-modal correspondence, where visual and
tactile spaces are perfectly aligned. This observation high-
lights a new challenge for the community.
5. TG is a limited benchmark for tactile localization. TG
is a popular visuo-tactile dataset with synchronized tac-
tile–image pairs. As part of our benchmark construction,
we annotated TG to create TG-Test. However, our re-
sults reveal some dataset bias. Full Square and Full Cir-
cle baselines, which perform no meaningful reasoning, al-
ready achieve 67.25 and 61.17 mIoU on TG-Test, respec-
tively. Global alignment methods, unsuitable for local-
ization, reach 68.12 and 73.49 mIoU, and the DINOv3
attention map obtains 74.27 mIoU without tactile input.
These results indicate that TG-Test inflates localization per-
formance even in the absence of visuo-tactile reasoning.
This aligns with our earlier observation that TG consists
of close-up, texture-centric images where nearly the entire
frame corresponds to a single tactile category. In contrast,
the same baselines perform substantially worse on Web-
Material and OpenSurfaces, and the performance gap be-
tween our method and others is more prominent, suggest-
ing that these datasets provide more reliable benchmarks
for evaluating visuo-tactile localization.

Qualitative Results. Figure 3 compares our method and
its variant with the visuo-tactile baseline TVL and DINOv3
attention map. Consistent with the results in Table 1, our
models accurately localize the tactile signal, whereas TVL
struggles due to its global-alignment objective and DINOv3
attention highlights only visually salient objects rather than
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Figure 3. Qualitative Tactile Localization Results. Our model localizes more accurately than prior works and baselines across all
benchmarks.

the true tactile correspondence. The material-diversity pair-
ing strategy further improves localization quality. Overall,
our approach successfully localizes a wide range of materi-
als and objects, including small regions such as the ‘Plants’
example in the last row of OpenSurfaces.

4.3.2. Robustness to Weaker Tactile Signals
During tactile data collection, the sensor [38] is gradually
pressed onto and released from the surface, so tactile sig-
nals at the beginning and end of a touch instance are typi-
cally weaker than those in the middle, where contact is firm.
To analyze the encoder’s ability to capture such weak sig-
nals, we evaluate our method using three types of tactile
frames, Start, Middle, and End as shown in Table 2. Start
and End correspond to the initial and final moments of a
tactile sequence, while Middle refers to the frames in be-
tween. Each visual image is paired with one of these tac-
tile signals, and localization is performed accordingly. This
experiment is conducted only on our model variants, as ear-
lier sections already show that our method achieves the best
performance for this task. As shown in Table 2, our method
without material diversity-based pairing exhibits a clear per-
formance drop on Start and End frames compared to Middle
frames, highlighting the challenge posed by weaker tactile
inputs. Applying material diversity-based pairing signifi-
cantly mitigates this gap, with further improvement when
incorporating out-domain in-the-wild images. The perfor-
mance of weaker signals becomes closer to that of Middle-
frame inputs, indicating that material diversity-based pair-
ing effectively compensates for faint tactile cues. This is
especially important given the limited and costly nature of
tactile data, allowing the model to use all available signals
more efficiently without discarding them. We also present a
qualitative example from the Touch-and-Go dataset in Fig-
ure 4, showing how tactile signals change over time within a
single touch instance, where the start and end are relatively
weaker. This example illustrates both the temporal varia-
tion of tactile signals and the robustness of our model with
material diversity-based pairing to weaker tactile inputs.

Model M.D.P. Start Middle End
mAP mIoU mAP mIoU mAP mIoU

TG-Test

STT-Local ✗ 81.31 72.67 85.12 76.79 81.96 72.68
STT-Indomain In-domain 86.34 76.15 86.95 77.58 85.51 74.60
STT Out-domain 86.20 74.56 87.56 76.82 84.54 73.57

Web-Material

STT-Local ✗ 64.45 49.45 69.60 54.69 61.52 48.72
STT-Indomain In-domain 69.45 53.83 71.14 56.33 67.31 53.24
STT Out-domain 76.19 59.99 78.98 62.08 75.08 58.56

OpenSurfaces [3]

STT-Local ✗ 33.63 26.77 40.14 32.54 35.86 28.60
STT-Indomain In-domain 40.73 32.24 44.39 35.11 39.08 31.45
STT Out-domain 45.33 35.00 55.06 42.12 44.57 34.20

Table 2. Robustness to Weaker Tactile Signals. We evaluate our
local alignment variants using three types of tactile frames: Start,
Middle, and End. M.D.P. denotes material diversity-based pairing.
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Figure 4. Touch-and-Go dataset examples. The tactile signal
is typically weaker at the beginning and end of a touch instance
while strongest in the middle. Models with material diversity-
based pairing achieve robust localization regardless of variations
in signal strength.

4.3.3. Interactive Localization

To further analyze fine-grained visuo-tactile alignment, we
evaluate the models from an interactive localization per-
spective following [29]. A reliable visuo-tactile localiza-
tion method should accurately associate tactile inputs with
their corresponding materials, meaning the localized region
in the image should change when paired with a different
tactile signal from the scene.



Baselines
Model TVL [12] DINOv3 Att. Map [31] GroundedSAM [25] Materialistic [30]

IIoU 1.0 18.0 49.0 83.0

Ours
Model STT-CLS STT-Local STT-Indomain STT

IIoU 4.0 30.0 32.0 37.0

Table 3. Quantitative Results on Interactive Localization. STT
outperforms other methods and shows reliable interactive localiza-
tion ability.
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Figure 5. Qualitative Results on Interactive Localization. Our
model accurately localizes the objects corresponding to the given
tactile inputs and shifts the localized region appropriately when
the tactile signal is changed.

Implementation. For interactive localization, we anno-
tate each image in the Web-Material set with segmentation
masks corresponding to the two tactile regions in the scene,
forming the Web-Material-Interactive dataset. The model
then predicts a separate localization map for each tactile sig-
nal. A sample is considered successful if the IoU for both
tactile regions exceeds 0.5, ensuring that the model can re-
liably localize each tactile signal in the scene.

Quantitative Results. Table 3 reports interactive IoU
(IIoU) on the Web-Material-Interactive test set. These re-
sults clearly indicate that our local-alignment objective is
essential for interactive tactile localization. Notably, global-
alignment methods almost fail in the interactive setting, and
their already limited performance in single tactile localiza-
tion drops drastically: TVL and STT-CLS fall from 32.16
and 34.74 mIoU to only 1.0 and 4.0 IIoU when distinguish-
ing multiple tactile signals in the same scene. Moreover, the
results show that material diversity-based pairing, whether
with in-domain or better with out-domain images, is another
key factor for accurate visuo-tactile association. Overall,
our approach reliably captures interactive visuo-tactile re-
lationships while maintaining strong standard localization
performance. As discussed earlier, the other baselines in the
table serve as upper-bound references or illustrate the char-
acteristics of the task when using only the visual modality.

Figure 6. Qualitative Results on Material Replacement. The
model interactively and consistently updates localization in re-
sponse to changes in material and corresponding tactile inputs.

Qualitative Results. Figure 5 demonstrates the interactive
localization ability of our method and its variant. Accurate
tactile localization should identify the material regions cor-
responding to a given touch signal. Compared to TVL, our
model reliably highlights different regions in the same scene
depending on the tactile input, while the competing method
fails to do so. The material-diversity pairing variant fur-
ther improves localization accuracy. In the 5th column, our
model precisely localizes the towel and tiles based on their
respective tactile cues. Overall, our model not only handles
interactive localization but does so with high precision.

Unlike the previous interactive localization setup, where
the scene remains identical while the tactile signal changes,
here we consider a second scenario: the scene is mostly un-
changed, but some regions are replaced with different mate-
rials. In this case, regions that were previously highlighted
should no longer be activated when their material no longer
matches the touch signal. However, if the touch signal is up-
dated to match the new material, the model should highlight
the replaced region again. We show this scenario by editing
images with off-the-shelf image editing tool [7] and pairing
them with the corresponding tactile signals. Visualizations
in Figure 1 and Figure 6 show that our method localizes the
touched material in an interactive and consistent manner.

5. Conclusion and Discussion

In this paper, we introduce a framework for tactile localiza-
tion that learns fine-grained alignment between tactile sig-
nals and visual scenes. By leveraging dense local cross-
modal feature interactions, in-the-wild multi-material im-
ages, and a material diversity-based pairing strategy, our
approach overcomes the limitations of existing visuo-tactile
methods that employ global-alignment objectives, as well
as the constraints of current visuo-tactile datasets. Through
extensive evaluation on both new and established bench-
marks, we demonstrate significant improvements in touch-
conditioned material segmentation and robust localization,
even under weak tactile inputs. Our results highlight the
importance of local visuo-tactile alignment and dataset di-
versity for grounding tactile perception in images. We hope
this work provides a foundation for future efforts in visuo-
tactile reasoning, interactive perception, and multisensory
scene understanding.
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