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Figure 1. X-Capture for multi-sensory data capture. (Left) The user captures tactile data from a vase in a living room. (Right) The
sensor readings for each modality from the same probed point on the vase, as well as a visualization of the hammer impulse and 3D pose
vectors for the image and tactile captures, shown in blue and red, respectively.

Abstract

Understanding objects through multiple sensory modal-
ities is fundamental to human perception, enabling cross-
sensory integration and richer comprehension. For Al and
robotic systems to replicate this ability, access to diverse,
high-quality multi-sensory data is critical. Existing datasets
are often limited by their focus on controlled environments,
simulated objects, or restricted modality pairings. We in-
troduce X-Capture, an open-source, portable, and cost-
effective device for real-world multi-sensory data collec-
tion, capable of capturing correlated RGBD images, tac-
tile readings, and impact audio. With a build cost un-
der $1,000, X-Capture democratizes the creation of multi-
sensory datasets, requiring only consumer-grade tools for
assembly. Using X-Capture, we curate a sample dataset
of 3,600 total points on 600 everyday objects from diverse,
real-world environments, offering both richness and vari-
ety'. Our experiments demonstrate the value of both the
quantity and the sensory breadth of our data for both pre-
training and fine-tuning multi-modal representations for

'Project page, hardware designs, and dataset are available at
https://xcapture.github.io.
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object-centric tasks such as cross-sensory retrieval and re-
construction. X-Capture lays the groundwork for advanc-
ing human-like sensory representations in Al, emphasizing
scalability, accessibility, and real-world applicability.

1. Introduction

As humans, we experience objects in our everyday envi-
ronments through a combination of every sensory modality
we possess. Each sensory modality provides us with unique
information about the object, which can complement the in-
formation evident from other modalities. Touching what vi-
sually appears to be a ripe fruit can reveal that it is in fact
not yet ripe or has a hidden bruise. Hearing a rigid drink-
ing glass being tapped can disambiguate whether it is made
of glass, crystal, or plastic. However, while each of these
sensory modalities may complement each other, they are
often highly correlated, as they each derive from the under-
lying physical properties of a given object [25]. Thus, we
are able to intuitively relate different modalities and gener-
ate expectations of other modalities from experiencing only
one [26]. In order for robots and agents to understand ob-
jects in the same way humans do, they must similarly pos-
sess such intuition about the relationships between objects’



different sensory modalities.

In this paper, we focus on the sensory modalities of vi-
sion (both RGB and depth), sound, and touch—modalities
for which popular commercially available sensors exist.
Numerous powerful models have been developed to relate
these modalities within a shared latent representation for
interesting downstream cross-sensory inference and gener-
ation tasks [19, 36, 44, 46]. Such models rely on large
datasets of examples correlating sensory modalities with
each other. Although many such datasets exist, they suf-
fer from key deficiencies that hamper their usefulness in
training representations to enhance the understanding of
real-world, in-the-wild objects. First, many multi-sensory
datasets focus on scenes rather than objects, reducing their
relevance to applications where object understanding is a
priority, such as robotic manipulation. Of those focusing on
objects, many only include data collected from simulated
objects, or from real objects exclusively within controlled
environments. Both simulated and controlled real data can
present a large domain gap relative to data from real in-the-
wild scenarios. Additionally, those collected in controlled
environments often require expensive rigs and equipment,
a drawback to both accessibility and scalability. Finally,
most object-centric multi-sensory datasets lack breadth in
the sensory modalities they correlate, often linking only two
sensory modalities, such as touch-vision or audio-vision.
This hinders representations from forming direct rather than
emergent alignment among more than two modalities.

To address each of these deficiencies, we introduce
X-Capture, a portable, low-cost device for capturing cor-
related RGBD images, tactile images, and impact audio
samples from objects in the wild. Our device connects to
and is powered by a laptop, with a user interface (UI) that
visualizes data during the collection process. We ensure
that each sensor takes independent readings (e.g., the touch
sensor is not visible in camera images) through careful de-
sign of the device and UI, and we explicitly measure an
input-output relationship for both touch and audio. These
features address common shortcomings of many existing
object-centric datasets and collection methods. We open-
source the mechanical design and parts list of the device,
with a total bill of materials of less than $1000 at time of
writing. The device requires only a consumer-grade 3D
printer and soldering iron to assemble. Figure 1 shows the
X-Capture device in use, along with sensor readings for
each modality from a probed sample object. As shown in
Table 1, our device is more versatile, portable, and relatively
cheaper compared with other data-capturing devices.

We collect a sample dataset of 600 different objects
with our device and show how our dataset can be used to
fine-tune existing multi-sensory representations to improve
their performance in object-centric benchmark tasks such as
cross-sensory retrieval, reconstruction, and detection.
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Device/Setup Object Properties Port. Cost
RGB 3D Audio Touch

UBC ACME [35] v 7/ v X N/A*

Reallmpact [6] /7 X X $8,000

Obj.Folder Real [16] v  V/ v X $11,000

TVL [11] X X v v $560

X-Capture (OQurs) v v / v v $1000

Table 1. Comparing prior multi-sensory object-centric data cap-
ture devices for what object properties they are designed to cap-
ture, their portability (“Port.”), and their estimated cost. Note that
by “Audio” we are referring to impact sounds. The X-Capture
device captures images, point clouds, impact audio, and tactile
data from objects in a portable and affordable package. (*UBC
ACME [35] used equipment which is no longer commercially
available at time of writing.)

2. Related Work

Among large foundation models are many popular multi-
sensory representation models, which attempt to acquire
implicit knowledge of the physical world through their
representations. Contrastive Language-Image Pretraining
(CLIP) trained a representation between images and their
text captions to relate images and text [36]. ImageBind
used CLIP as a backbone, along with separate datasets link-
ing images to audio, depth, and thermal data, to train dis-
parate modality-specific encoders to share a single multi-
sensory representation [19]. Though each dataset was used
to train the model to link images with only one other modal-
ity, they showed evidence of emergent alignment between
other modalities. A Unified Representation of Language,
Images, and Point Clouds (ULIP) [44] trained a unified rep-
resentation of text descriptions, images, and point clouds
of objects, showing that the representation was made mea-
surably stronger by aligning all three modalities simulta-
neously during training, rather than only two at a time as
ImageBind had done. Later works used both real and sim-
ulated tactile data to bind tactile images to the CLIP repre-
sentation space as well [4, 11, 46, 49].

Training these representations required a curated dataset
linking two or more distinct sensory modalities. Many
datasets link images with text through datasets of human-
captioned images [12, 39, 40]. Other datasets link sen-
sory signals from two or more modalities, the majority of
which consist of multi-sensory data from simulated envi-
ronments [13, 14], with some works showing how such
data could be used to train models for downstream tasks
in either simulated [24] or real [15, 17] embodied envi-
ronments. However, the ObjectFolder Benchmark showed
that models fine-tuned with their proposed dataset of 100
real objects generally performed significantly better on real-
world embodied tasks than those trained only with sim-
ulated data [16]. Many multi-sensory datasets were col-



. Correlated Modalities

Dataset Obj Env.
RGB 3D Audio Touch
Feeling of Success [3] 106 v v X v T
VisGel [31] 195 v X X v T
Touch and Go [45] 3971 v X X v \%%
SSVTP [28] NA Vv X X v T
HCT [11] NA Vv X X v w
Greatest Hits [34] NA v X X v w
Reallmpact [6] 50 v Vv V/ X C
ObjectFolder 2.0 [15] 1000 v v v S
ObjectFolder Real [16] 100 v vV v C
X-Capture (Ours) 600 v Vv V v W

Table 2. Comparing publicly available multi-sensory datasets
by their number of objects, their correlated sensory modalities,
and the environments in which they are collected (C=Controlled,
S=Simulation, T=Tabletop, and W=Wild). The X-Capture dataset
includes the widest breadth of correlated sensory modalities of a
dataset collected in the wild.

lected using automated setups to scale up data collec-
tion [3, 6, 28, 31, 35], but similar to those of ObjectFolder
Benchmark, such setups are often costly to replicate, col-
lected in only controlled environments, and naturally im-
pose some constraints on the types of objects which can be
scanned. See Table | for a comparison of X-Capture to rel-
evant data collection setups and devices, and Table 2 for a
comparison of our dataset to prior multi-sensory datasets.
We include additional details in Appendix B.

Collecting multi-sensory data in situ can produce
datasets with distributions matching expected test condi-
tions of embodied agents more closely. The authors of the
Touch and Go dataset press a GelSight sensor against ob-
jects in the wild while holding a webcam behind the sen-
sor [45]. The authors of the Greatest Hits dataset [34] sim-
ilarly took video and audio samples of a drumstick striking
objects. But without measuring inputs explicitly, such as
the contact location and the pressing or striking force, it is
impractical to infer the essential input-output relationship
between force and touch or impact and sound of an object.

Hand-held sensorized devices can combine the best of
both worlds, offering the inter-sensor measurement consis-
tency of sophisticated setups with the portability needed
to collect data in situ. Multiple works designed hand-
held devices for capturing correlated vision and tactile sig-
nals [10, 11]. The authors of [2] designed a handheld de-
vice for collecting multi-sensory tactile data to characterize
thermal properties of objects. Numerous works have pro-
posed sensorized handheld devices that approximated robot
end-effectors [5, 42, 48]. Humans used these devices to col-
lect demonstration data by performing tasks with everyday
objects, which could be used to train a policy for a robot
arm or mobile manipulator [21, 41]. Our device brings the
advantages of handheld data collection devices into a uni-
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Figure 2. Exploded view of X-Capture. The device rigidly con-
strains all sensor assemblies into fixed relative poses on a compact
chassis with an ergonomic grip. Wires and circuitry are not shown.

fied framework for measuring vision, touch, and audio data
from objects, using commercially available sensors popular
in many embodied learning applications.

3. The X-Capture Device

The X-Capture device supports sensing correlated RGB,
depth, tactile, and impact audio samples using a combi-
nation of six distinct sensors. It is compact and power-
efficient, making it as convenient as possible to carry, only
requiring control and power from a laptop. The chassis is
constructed out of 3D printed PLA, with an ergonomic grip
supporting an enclosure. The enclosure houses a USB hub
that routes power and communications to all sensors and
connects to a laptop with a single USB-C cable. Figure 2
and the supplementary video show how the device and sen-
sor assemblies physically fit together. We detail the com-
positions of the sensor assemblies and how they are used
below, organized by sensory modality. See Appendix C for
additional details on the hardware, including internal pho-
tos, a bill of materials, and support for alternative sensors,
and the supplementary video for a sequential breakdown of
how the sensors and assemblies fit together.

3.1. Touch

For tactile sensing, X-Capture uses an assembly mounted
on the front of the device consisting of a DIGIT sensor [30]
attached to a load cell. Vision-based tactile sensors are pop-
ular for both benchmark datasets [16] and robotic applica-
tions [1, 28, 43]. We choose the DIGIT sensor for its com-
mercial availability and relative durability [30]. However,
the images the sensor collects during contact with an object
are not only a function of the object’s intrinsic geometry
and stiffness at the point of contact, but also extrinsic fac-
tors such as the angle and the force at which the DIGIT
sensor presses against the object. Thus, we design a novel
assembly to explicitly measure this input-output relation-



ship by annotating tactile images from DIGIT in real time
with relative angle and calibrated normal force measure-
ments using an accelerometer and load cell, respectively.
The device additionally uses the accelerometer to subtract
the gravitational force exerted by the DIGIT sensor at the
current device angle, dynamically re-zeroing the pressing
force. This method uses low-cost, commercially available
sensors to obviate the need to collect thousands of training
points with a $6,000 force sensor for estimating calibrated
forces from the vision-based sensor [9, 23, 51]. While col-
lecting tactile data, our device automatically takes a snap-
shot of the DIGIT’s tactile image at a pressing force within
a 0.5N range of different target levels. We use 10, 15, and
20N as target levels during data collection.

3.2. Vision and Depth

X-Capture captures RGBD images of objects with a Re-
alSense D405 stereoscopic depth camera. The camera is
compact and lightweight, with a 7cm minimum distance for
measuring depth, lending itself well to close-up capture of
objects. X-Capture snapshots both the RGBD image and the
accelerometer state simultaneously, such that the user can
ensure a consistent angle of approach between the RGBD
image and the tactile reading of a given point.

3.3. Audio

While many objects independently make sounds and there-
fore have semantic audio properties, we focus on collect-
ing impact sounds from objects, which can reveal impor-
tant geometric or material properties. X-Capture collects
audio samples from objects by striking them with an im-
pact hammer and recording the resulting impact sound with
a microphone situated behind the point of impact. The
impact hammer is 3D printed from PLA, with a Thorlabs
PK2JA2P1 piezo stack attached to a small steel rod at its
tip. The piezo stack measures the impact force as it ex-
cites the object and produces the sound, in order to measure
the input-output relation between the acting contact forces
and resulting sound at each point. The base of the hammer
fits into a 3D-printed elastomer base which functions as a
spring. For each audio sample, the user pulls the hammer
back until it adheres to an electromagnet mounted behind
the hammer, storing potential energy in the elastomer base.
After a pre-configured delay, the device automatically deac-
tivates the electromagnet, releasing the hammer to strike the
object in a silent and repeatable manner. The device records
the impact sounds with a Dayton Audio EMM6 measure-
ment microphone, which has a relatively uniform frequency
response within the range of human-audible frequencies.
The impact hammer and the microphone’s outputs are
recorded by a HiFiBerry DAC2 ADC Pro board attached
to a Raspberry Pi Zero 2W. The HiFiBerry board ensures
that the hammer and microphone signal recordings are time-
synchronized with minimal noise. The board supports high
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sample rates as well as digitally controlled gains, such that
our device can dynamically and repeatably adjust the vol-
ume gain of each recording according to the loudness of
each object’s impact sounds. This ensures that the audio
signal is recorded at a maximal level without clipping.

Finally, we design a custom PCB which provides pre-
cise power and input conditioning, as well as stable physi-
cal connections for all of the above electrical components.
This novel assembly collects impact audio data at a compa-
rably high fidelity to prior works [6, 16], while significantly
optimizing power usage, size, and cost ($130 vs. $2,000),
to improve portability and affordability.

3.4. User Interface and Workflow

Similar to the view shown at the right of Figure 1, the Ul
visualizes all modalities of data in one screen to provide
important feedback during data collection, allowing for re-
takes and comparisons to previous captures. For each ex-
ample, the user captures readings from each modality at
one specific point on the object. The user first positions
X-Capture’s RGBD camera such that a target point on the
object is centered in the image, at a depth 8 to 13 cm away
from the camera, as measured by depth image and displayed
on a bar below the image. The UI displays the captured
RGB and depth images, with the target point marked by
small crosshairs superimposed at the center of both images.
The user then presses the DIGIT sensor against the same
point, using both the crosshairs on the RGB image and a
display of the current angle of the device’s accelerometer
as a guide to ensure contacting the object at the same point
and angle. During contact, a bar below the tactile image
displays the current pressing force. The user pushes gradu-
ally up to 20N with snapshots automatically collected at 10,
15, and 20N. Finally, the user positions the impact hammer
to hover over the target point, initiates a recording, pulls the
hammer back to the electromagnet, then holds the device
still while the electromagnet releases the hammer to strike
the object after a delay. The UI displays the recorded spec-
trogram of the impact audio, as well as a time-domain graph
of the impulse measured by the hammer, so the user can ver-
ify that the hammer made a single, clean impulse. See the
supplementary video for a demonstration of this workflow.
Note that our sensors allow constraints such as depth, angle,
and impact quality to enforce some consistency in our sam-
ple dataset, but such constraints can be relaxed to optimize
for higher throughput, if desired.

4. The X-Capture Dataset

To evaluate our device’s data collection pipeline, we present
a novel dataset of correlated vision, tactile, audio, and post-
processed point cloud data from a total of 3,600 points on
600 objects in real-world environments, collected in just un-
der three weeks. Our multi-sensory dataset includes data
from objects across a diverse class of materials, geometries,
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Figure 3. Example multi-sensory data points from the X-Capture
dataset. Each row shows aligned multi-sensory data captured from
a single point on an object in a distinct natural environment: (from
left) RGB image centered on the point, depth image, impact audio
spectrogram, and tactile image. (Objects, from top: Cat Brush,
Insulated Steel Cup, Glass Storage Bowl, Computer Speaker, and
Sheet Metal Container.)

and functional uses. Aided by our device’s flexible capa-
bilities and portable design, we capture a wide breadth of
objects encountered in everyday settings. We include fur-
ther details of the objects and environments comprising our
dataset in Appendix D.1 and a comprehensive comparison
of our datasets to existing alternatives in Appendix B.

4.1. Collection Procedure

We collect data across 12 different environments— one in-
door workspace with relatively controlled conditions, and
11 in-the-wild locations, ranging from everyday indoor set-
tings to a dynamic outdoor area. We capture 325 diverse ob-
jects in the indoor workspace, a quiet office with consistent
lighting, providing a distribution baseline. We probe the
remaining 275 objects in 11 diverse natural environments,
including a Bathroom, Home Office, Classroom, Workshop,
Bedroom, Laundry Room, Living Room, two kitchens, and
two outdoor patios. We capture an equal number of objects
in each in-the-wild environment.

For each object, we collect readings of each modality
from six distinct points on the object. We choose point lo-
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cations which cover the breadth of each object’s surface and
capture unique local features. Each of the six points has a
corresponding RGBD image, impact audio recording, and
tactile impressions captured at 10N, 15N, and 20N. We use
our device and UI to manually register these sensory read-
ings with each other at each point by following the proce-
dure described in Section 3.4. This collection process takes
about nine minutes per object, on average.

4.2. Dataset Labeling and Post-Processing

We provide a brief text description of each object, noting
salient materials and the relevant state of the object (e.g.,
if a can is full or empty). We further postprocess our data,
using the RGB and depth data to estimate point clouds of
objects and using the noted recording gains and hammer
signals to normalize the audio. We include details of both
these post-processing steps in Appendix D.3.

5. Experiments

We validate the usefulness of the sample dataset we collect
with the X-Capture device with three popular multi-sensory
benchmark tasks: cross-sensory retrieval, image generation,
and point cloud generation. We also demonstrate how we
can use our data to train an audio-based object detector. Un-
less otherwise noted, we randomly split our dataset into 500
training and 100 test objects. See Appendix E.5 for addi-
tional details on training and testing procedures.

5.1. Baselines

We evaluate recent cross-sensory representation frame-
works on our dataset. The ImageBind framework [19] pro-
vides encoders for the RGB, audio, and depth modalities,
each pretrained on web-scale datasets pairing images with
each modality, but the framework lacks encoders for point
clouds or tactile readings. In order to cover all of the modal-
ities we provide in our dataset, we also evaluate the perfor-
mance of a combination of pretrained encoders from differ-
ent sources, which each specialize in a specific modality or
cross-sensory representation. We encode RGB images with
CLIP’s [36] pretrained ViT-L encoder. For tactile images,
we use the ViT-L encoder publicly released with [1 1], which
has been pretrained on the TVL dataset. We encode our
audio recordings with the Audio Spectrogram Transformer
(AST) [20], with publicly released weights from pretrain-
ing on ImageNet [8] and AudioSet [18]. Finally, for point
clouds, we use the PointBERT model [50] with publicly-
released weights from pretraining on ULIP [44].

For both the ImageBind encoders and the ensemble
of modality-specific encoders, we evaluate three different
training configurations. We first evaluate the publicly-
released out-of-the-box pretrained weights. Then we test
fine-tuning all pretrained models on our dataset’s training
set, using two distinct formulations of the contrastive In-
foNCE loss [33]. In the “Image Loss” formulation, we fine-
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Figure 4. Comparing test retrieval performance of our cross-modal encoders trained with varying quantities of objects, with each plot
grouping results by the query modality used for retrieval. The right-most plot shows an average across all modality combinations.

ImageBind RGB— Audio— Depth— Ave
Top-5 Accuracy (%) Audio Depth RGB Depth RGB Audio

Random Guess 50 50 50 50 50 50 50
Out-of-the-Box Pretrained 70 114 60 46 76 50 69
Fine-Tune w/ Image Loss 46.0 63.8 47.6 282 64.0 254 458

Fine-Tune w/ Cross-Sens. Loss 47.0 66.2 49.0 28.6 64.6 28.0 47.2

Table 3. Cross-sensory retrieval top-5 accuracies of ImageBind
trained with different strategies using our dataset. The top and
bottom column headers denote the query and retrieved modalities,
respectively. Out-of-the-Box weights do not generalize well to our
data, whereas Fine-Tuning with a Cross-Sensory Loss outperforms
other configurations, across all modalities.

ImageBind RGB— Audio— Depth— Ave
Top-1 Accuracy (%) Audio Depth RGB Depth RGB Audio

Random Guess 16.7 167 167 16.7 16.7 16.7 16.7
Out-of-the-Box Pretrained 16.7 205 16.0 17.0 19.0 18.7 18.0
Fine-Tune w/ Image Loss 21.0 343 20.8 22.7 452 21.2 275
Fine-Tune w/ Cross-Sens. Loss 22.3 36.5 23.3 21.8 46.7 203 28.5

Table 4. Contact localization top-1 accuracies of ImageBind
trained with different strategies using our dataset. The top and bot-
tom column headers denote the query and retrieved modalities, re-
spectively. Out-of-the-Box weights generalize poorly to our data,
and Fine-Tuning with a Cross-Sensory Loss achieves best average
performance.

tune according to a symmetric InfoNCE loss between im-
ages and each other available modality, the same technique
used by ImageBind. In the “Cross-Sensory Loss” formula-
tion, we fine-tune according to a symmetric InfoNCE loss
between each pairing of all modalities, similar to the loss
used among vision, language, and point cloud encoders in
ULIP. For all configurations, we keep the encoders for the
RGB image modality frozen during training.

5.2. Cross-Sensory Retrieval

Cross-sensory retrieval assesses models’ abilities to connect
multi-sensory information, akin to the human ability to intu-
itively link sight, sound, and touch, to make valuable infer-
ences about unknown properties of objects. Consequently,
it has become a common benchmark in cross-sensory learn-
ing [16, 19, 46]. We formulate the task as an inter-object
classification task, testing each cross-sensory frameworks’
performance as follows: given a randomly selected point
from each of NV objects, where N = 100 for our test dataset,
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can the framework correctly associate a sensory reading
from one modality with another from the same point?

We show the top-5 accuracies for ImageBind in Table 3.
Note that for 100 objects, the expected value of random
selection would be 5% under our test conditions. While
the encoders have been pretrained on very diverse datasets,
their out-of-the-box weights struggle on our object-centric
data, especially with the audio modality. Our results also
suggest that using a full cross-sensory loss comparing all
modalities directly provides a generally stronger represen-
tation on our data. We show the results for the cross-sensory
encoder ensemble in Table 7 of Appendix E.1. Interestingly,
in these results we see less of a clear performance advantage
to training with the Cross-Sensory Loss versus the Image
Loss, as compared to the advantage we observe in our Im-
ageBind experiments. For modality pairings the ensemble
and ImageBind have in common, such as RGB— Audio, we
see similar results to those of ImageBind.

5.3. Cross-Sensory Contact Point Localization

Contact point localization assesses models’ abilities to dif-
ferentiate between sensory signals coming from different
points on the same object. We thus formulate contact point
localization as a classification task similar to cross-sensory
retrieval, except that instead of comparing different sensory
signals from a single point from one object to points of other
objects, we compare different sensory signals from a single
point to those of another modality from all M points on the
same object, where M = 6 in our dataset.

We show the top-1 accuracies for ImageBind in Ta-
ble 4. In this task, the expected value of random selection
is ~ 16.7%. Once again, ImageBind’s pretrained weights
struggle to outperform random chance on our object-centric
data. However, this is clearly a difficult task even after fine-
tuning. ImageBind seems to excel at differentiating object
points with RGB and depth much more than it does with
audio, perhaps because the impact sounds a single object
produces at different points often have very minute differ-
ences. We see similar results for our cross-sensory encoder
ensemble in Table 8 of Appendix E.2, where the associa-
tion between RGB and point cloud is much stronger than
associations between other modalities.



For both this task and the retrieval task of Section 5.2,
we show results of using arithmetic combinations of Image-
Bind embeddings from two different modalities to retrieve
from the third modality in Appendix E.3.

5.4. Scaling Law

We claim that the X-Capture device makes multi-sensory
object-centric data collection more efficient than prior al-
ternatives, allowing us to scale up the collection of a valu-
able dataset. Though we have already collected a sample
dataset of 600 objects, we evaluate how a model’s perfor-
mance improves according to the quantity of our training
objects we use during fine-tuning. The results in Figure 4
demonstrate that each modality continues to benefit from
additional training examples, and the performance improve-
ment seems far from plateauing at 500 objects, confirming
the value of scaling up the X-Capture dataset even further.

5.5. Using X-Capture Data as a Pretraining Set

Multi-sensory object understanding is important in many
different downstream applications, including robotic ma-
nipulation, anomaly detection, and generation. However,
each potential application may involve unique data with a
domain gap differentiating it from the data in existing large-
scale datasets. Fortunately, such large-scale datasets can
still be used to pretrain models, which can be fine-tuned on
additional data for downstream applications. We evaluate
whether data from X-Capture could be similarly helpful by
using it as a pretraining set.

We evaluate cross-sensory retrieval on the real object
data from the ObjectFolder Benchmark [16]. Though Ob-
jectFolder’s subject matter is quite similar to ours, there is
a significant domain gap in how each modality is recorded.
Their RGB images are background-less renderings from 3D
scans of objects rather than real images. Their tactile data is
from a GelSight sensor, which has a different texture detail
and lighting conditions than the DIGIT. Finally, they collect
impact sounds in an acoustically-treated room, with objects
suspended by string to reduce the contact-damping usually
affecting objects’ impact sounds in real-world settings.

We evaluate the cross-sensory encoder ensemble’s vi-
sion, audio, and tactile encoders trained with three different
configurations using the cross-sensory loss. In “Our Pre-
trained Only” configuration, we train encoders with only
X-Capture data. In “Fine-Tuned Only”, we train the en-
coders only with data from the 70 real training objects
from ObjectFolder. And in “Our Pretrained + Fine-Tuned”,
we pretrain the encoders with our data, then fine-tune on
the real training objects from ObjectFolder. We evaluate
cross-sensory retrieval on the 30 real test objects of Ob-
jectFolder Benchmark and show the top-5 accuracies in Ta-
ble 5. The expected value of random selection is 16.7%.
We see that “Our Pretrained Only”” model outperforms ran-
dom chance, but still performs rather poorly in this zero-
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ObjectFolder-Real (30 Objects) RGB— Audio— Tactile— Ave
Top-5 Accuracy (%) Audio Tactile RGB Tactile RGB Audio

Random Guess 16.7 167 167 16.7 16.7 16.7 16.7
Our Pretrained Only 333 25.0 267 242 208 233 256
Fine-Tuned Only 275 333 325 333 325 375 328
Our Pretrained + Fine-Tuned 45.0 333 408 30.0 32.5 350 36.1

Table 5. Results of ablating both pretraining with our dataset
and fine tuning with train objects from the ObjectFolder Real
dataset [16] for downstream evaluation of cross-sensory retrieval
on the real test objects from ObjectFolder.

shot generalization, likely struggling to surmount the do-
main gap without fine-tuning on ObjectFolder’s data. How-
ever, “Our Pretrained + Fine-Tuned” model outperforms the
“Fine-Tune Only” model, suggesting that pretraining with
the X-Capture dataset helps bridge the generalization gap
in the low-data regime of the ObjectFolder Real training set.
The improvement is evident in the audio modality, but not in
the tactile modality, suggesting that the domain gap between
different tactile sensors may be especially challenging.

5.6. X-t0-2D/3D Generation

For humans, the sound or feel of an object can often conjure
a mental image of the object. We thus evaluate the ability of
our representations aligned to CLIP image features to pro-
vide a useful representation for both a CLIP-based 3D im-
plicit function generator and CLIP-based image generator.
We use our dataset to train our tactile and audio encoders to
align to the outputs of CLIP’s ViT-L encoder of the corre-
sponding image of each point. For this experiment, we use
a mean-squared error (MSE) rather than contrastive loss to
prioritize alignment to CLIP over cross-sensory association
and differentiation. After training alignment on our training
objects, we use the signals encoded from our held-out test
objects as input to pretrained Shap-E [27] to generate 3D
implicit functions and to pretrained Stable Diffusion [38]
to generate images. Both models have been pretrained by
their authors to use CLIP ViT-L features encoded from text
to generate 3D implicit functions and images, respectively.

We show qualitative results for both image generation
and 3D neural radiance field generation in Figure 5. The re-
sults vary substantially in quality, but they seem to provide
some interesting insights into what features our encoders
are able to glean from each respective sensory modality. We
see that both shape and image generations from the image
encoding tend to match the original object in both color and
semantic features. Generations from audio encodings of-
ten successfully match the salient materials of the object,
and occasionally some semantic geometric features. Gener-
ations from tactile encodings seem to excel at matching the
geometric features local to the contact point, such as the lo-
cal curvature, and also occasionally match in material prop-
erties such as hardness. These results lend further evidence
of the complementary information which can be inferred
from different sensory modalities when interacting with ob-
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Figure 5. Results of using Shap-E [27] to generate 3D neural radiance fields and Stable Diffusion [38] to generate images from outputs of
multimodal encoders which have been trained on our data to align to CLIP features. The three left columns show the RGB images, audio
spectrograms, and tactile images inputted to their respective encoders. The next three columns show the neural radiance fields generated
from using the outputs of the encoders from these RGB, audio, and tactile inputs, respectively, as input to Shap-E. The last three columns
similarly show the images generated from using the outputs of the RGB, audio, and tactile inputs, respectively, as input to Stable Diffusion.

Figure 6. Still frame from prompting Detic [52] with our pre-
trained audio encoder’s embedding of the real sound of the ceramic
plate (at bottom, highlighted pink) being placed on the counter.
Detic identifies the plate, as well as the ceramic mugs, drinking
glass, and car, as likely sources of the sound. It successfully ig-
nores appliances, cardboard tea boxes, and metal utensils.

jects. We show additional examples of prompting genera-
tions with arithmetic combinations of embeddings from dif-
ferent modalities in Appendix E.3.

5.7. Zero-Shot Audio-Based Object Detection

Also similar to ImageBind [19], we use our dataset to train
a CLIP-aligned audio embedding which can replace the in-
put for the text-based Detic detection model [52]. We train
our audio encoder on our dataset contrastively to ViT/B-
32 CLIP features, then use embeddings from this encoder
to prompt Detic’s CLIP-based object detector. Though
our dataset is collected with objects in the wild, all ob-
jects are captured in static configurations, whereas humans
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and robots often perceive objects through dynamic interac-
tions. In order to test generalization to audio from such
natural dynamic interactions, we use clips from the EPIC-
KITCHENS-100 dataset [7] of humans using their kitchens
naturally, and select clips where a human impacts an object
against a table or another object and use the audio embed-
ding of the impact sound to prompt the Detic model. We
show one such result in Figure 6 and additional results in
Figure 12 of Appendix E.4. We include the original video
clips with audio in our supplementary video. The detector
mostly selects either the correct item or items of similar ma-
terials and acoustic properties. ImageBind does not provide
weights from this task for comparison.

6. Conclusion and Limitations

We introduced X-Capture, an open-source and low-cost de-
vice for collecting multi-sensory data in the wild. Us-
ing X-Capture, we collected a sample dataset of correlated
RGB, depth, audio, and tactile readings of 3,600 points
from 600 objects in natural environments, enabling direct
benchmarking of cross-sensory encoding frameworks and
loss functions on retrieval and contact localization tasks.
Our results suggest that cross-sensory representations can
be strengthened by learning from object-centric data cor-
relating as many sensory modalities as possible, and that
pretraining on this data yields valuable representations that
can be fine-tuned to improve performance on other object-
centric tasks. However, a limitation of X-Capture is that it
captures objects in static configurations and environments,
whereas humans and robots learn about objects interactively
and dynamically while manipulating them. We hope our
work inspires new, perhaps automated, collection efforts to
further scale up multi-sensory learning from real objects.
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