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Multimodal Alignment

CLIP [1] ImageBind [2] GPT-4V [3] LLaVA[4] Flamingo [5]

N

@ Touch as a sensing modality is missing in multimodal models

Radford, Alec et al. "Learning transferable visual models from natural language supervision." ICML 2021.

] Girdhar, Rohit et al. “Imagebind: One embedding space to bind them all.” CVPR 2023.

] OpenAl. GPT-4V. 2023.
] Liu, Haotian et al. “Visual Instruction Tuning.” NeurlPS 2023.
] Alayrac, Jean-Baptiste et al. “Flamingo: a Visual Language Model for Few-Shot Learning.” NeurlPS 2022.



| Existing

"Foundation”
Models

T T 'f\l' |

- il : —
T — e A—— |




CR: Andrew Owens, DALLE 3

Existing
“Foundation”
Models

i -

|

A o L —

4 ]

" 3 ol
R B i's ladlB

Language Images Video

I = NI I il

Embodied Data?

s
.....

The Physical

World



CR: Andrew Owens, DALLE 3

Existing

"Foundation”

_ - m H:
. I ’ Models S
L
| TR 'IIE 1. .Ilz' t
Il I L JEFIJ—I rl-__-_ . -I ;!

£ e

i

-l ﬂhl i -i

R R i Im Illi

Language Images Video

| N

B | e B N RN O e o ..

Embodied Data?

Proprio-
Audio
ception

L |

Iss LU= (e LAl L)

I;:

~ |
._ The Physical

World



CR: Andrew Owens, DALLE 3

Existing

"Foundation”

_ - m H:
. I ’ Models S
L
| TR 'IIE 1. .Ilz' t
Il I L JEFIJ—I rl-__-_ . -I ;!

£ e

i

-l ﬂhl i -i

R R i Im Illi

Language Images Video

| N

B | e B N RN O e o ..

Proprio-

ception

L |

Iss LU= (e LAl L)

I;:

~ |
._ The Physical

World



Tactile Perception for Robotics

Local 3D geometry

Tactile code
network
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L Finger-object interaction :>,J\ Motion model R
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Sensor poses

‘ Finger-object global
localization

Cloth Classification [1] Grasping and Regrasping [2] Pose Estimation [3]

@ Initial Grasp Tactile Guided Alignment

Tactile Data
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‘ Shared Latent Space I

(a) Visuo-Tactile Pretraining (d) Edge Following Hardware Setup Raw Depth Object Depth Tactile Image (x4)

Pretraining [4,5] Industrial Insertion [6] General In-Hand Rotation [7]

[1] Yuan, Wenzhen et al. "Active clothing material perception using tactile sensing and deep learning.”|CRA 2018.

[2] Calandra, Roberto el al. "More than a feeling: Learning to grasp and regrasp using vision and touch." RAL 2018.

[3] Suresh, Sudharshan et al. "MidasTouch: Monte-Carlo inference over distributions across sliding touch." CoRL 2023.

[4] Kerr, Justin et al. "Self-supervised visuo-tactile pretraining to locate and follow garment features." RSS 2023.

[5] Yang, Fengyu et al. “Touch and Go: Learning from Human-Collected Vision and Touch.” NeurlPS 2022.

[6] Fu, Letian et al. “Safe Self-Supervised Learning in Real of Visuo-Tactile Feedback Policies for Industrial Insertion.” ICRA 2023.
[7] Qi, Haozhi et al. “General In-Hand Object Rotation with Vision and Touch.” CoRL 2023.
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@: Touch was not yet associated with open vocabulary descriptions
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Texture Classification [1] Cloth Classitication [2,3]

Concrete

Indoor (52.2%) Outdoo

Leather Paper Synthetic Fabric Natural Fabric

"In-the-wild” Texture Classification [4]

Li, Rui and Edward H. Adelson. "Sensing and recognizing surface textures using a gelsight sensor.” CVPR 2013.

Kampouris, Christos et al. “Multisensorial and explorative recognition of garments and their material properties in unconstrained environment.” ICRA 2016.
Yuan, Wenzhen et al. "Active clothing material perception using tactile sensing and deep learning.”|CRA 2018.

Yang, Fengyu et al. “Touch and Go: Learning from Human-Collected Vision and Touch.” NeurlPS 2022.
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TVL Dataset

Tactile

[1] Kerr, Justin et al. "Self-supervised visuo-tactile pretraining to locate and follow garment features." RSS 2023.
[2] Barnett, A.J. “400 Words to Describe Texture.” 2023.
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[1] Kerr, Justin et al. "Self-supervised visuo-tactile pretraining to locate and follow garment features." RSS 2023.
[2] Barnett, A.J. “400 Words to Describe Texture.” 2023.



TVL Dataset

SSVTP [1]
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[1] Kerr, Justin et al. "Self-supervised visuo-tactile pretraining to locate and follow garment features." RSS 2023.
[2] Barnett, A.J. “400 Words to Describe Texture.” 2023.



Data collection
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[1] Kerr, Justin et al. "Self-supervised visuo-tactile pretraining to locate and follow garment features." RSS 2023.



GPT-4V Pseudo-labeling

®

Visual Obs

“textured, firm, worn, cool”

Surface Type: [Specify the surface type, e.g., "metal," “fabric"]

Images: The first image is from a camera observing the tactile sensor G PT_4V [ 1 ]

(shiny, near the top of the image) and the surface. The second image is
a cropped version of the first image that focuses on the contact patch.

Example: For a smooth and cold surface, the description might be
"slick, chilly, hard, unyielding, glossy."

Prompt

Task: Based on these images, describe the possible tactile feelings of
the contact patch using sensory adjectives. Limit your response up to
five adjectives, separated by commas.

[1] OpenAl. GPT-4V. 2023.



Human + VLM Pseudo-labels

Vision Tactile Vision Tactile

Tactile

Vision Tactile

4.6K Human
Annotations fabric, coarse

—
-
—— —

flat, smooth, hard, solid textured, firm, worn, cool smooth, reflective, hard, cool glossy, solid, cool, flat
39K Pseudo-Labels

with GPT-4V | Mislabeled

Y TN

hard, smooth, reflective soft, textured, cushioned, pliable soft, textured, plush, cushioned reflective, slippery, glossy, cool
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[1] Radford, Alec et al. "Learning transferable visual models from natural language supervision." ICML 2021.

[2] Girdhar, Rohit et al. “Imagebind: One embedding space to bind them all.” CVPR 2023.

ImageBind [2]
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fuzzy, deformable...
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[1] Han, Jiaming et al. “ImageBind-LLM: Multi-modality Instruction Tuning.” arXiv 2023.
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[1] Han, Jiaming et al. “ImageBind-LLM: Multi-modality Instruction Tuning.” arXiv 2023.
[2] Sharma, Piyush et al. “Conceptual Captions: A Cleaned, Hypernymed, Image Alt-text Dataset For Automatic Image Captioning.” ACL 2018.
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] Liu, Haotian et al. “Visual Instruction Tuning.” NeurlPS 2023.
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((Human Labels:)

“bumpy, plush, soft, cushioned”

CScore: GT ?

(GPTav: )

“textured, soft, plush, fibrous, cushioned” CScore: 9/10 )

&TVL—LLaMA: )

“soft, plush, textured, cushioned, fibrous” CScore: 7.5/ 0))

((Human Labels:)

“flat, lined, hard”

CScore: GT y

( GPT4v: )

“Textured, flexible, soft, rubbery, woven” CScore: 2 511 O)

“flat, hard.”
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TVL-Benchmark

Tactile-Text

Tactile-Vision

Vision-Text

Top-1  Top-5 | Top-1 Top-5 | Top-1 Top-5

CLIP - - - - 284%  64.9%
SSVTP | - .. _. - 1 0.2% 03% | -~ ..-__.
TVL |'36.7% _763%» 79.5%  95.7% ' 28 4% 64. 9%.

More data helps

Human + Pseudo-labels help



TVL-Benchmark

4

Tactile- Tac./Text Tac./Vis.
Text Loss % Acc. % Acc.

Enabled 36.3 78.0

(b) Disable Tactile-Text Loss. ImageBind-
style training, lacking direct supervision
for tactile and language alignment, reduces
model accuracy.
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TVL-Benchmark

Tactile- Tac./Text Tac./Vis.
Text Loss % Acc. % Acc.

 Enabled 36.3 78.0 .

Disabled 20.3 31.6

(b) Disable Tactile-Text Loss. ImageBind-
style training, lacking direct supervision
for tactile and language alignment, reduces
model accuracy.
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TVL-Benchmark

Tac./Text Tac./Vis.
Model % Acc. % Acc.
ViT-Tiny 36.7 79.5
ViT-Small 36.3 78.0
ViT-Base 30.7 81.7

(a) Model Architecture used for trans-
former encoder backbone.

Tac./Text Tac./Vis.
Contact % Acc. % Acc.
Contact 36.2 80.1
+ 10% N.C. 36.3 78.0

(d) Contact Data Mix. Adding non-
contact frames to the training data does
not significantly improve performance.

Tactile- Tac./Text Tac./Vis.
Text Loss % Acc. % Acc.
Enabled 36.3 78.0
Disabled 20.3 81.6

(b) Disable Tactile-Text Loss. ImageBind-
style training, lacking direct supervision
for tactile and language alignment, reduces
model accuracy.

Tac./Text Tac./Vis.
Prompting % Acc. % Acc.
Baseline 36.3 78.0
+ Prompt 37.7 78.7

(e) Prompting. TVL Performance does
not depend strongly on prompt formatting.

Tac./Text Tac./Vis.
Modality % Acc. % Acc.
All 36.3 78.0
—Vision 29.9 1.0
—Text 21.5 85.8

(¢) Modality-Specific Training. Con-
trastive losses across all modalities im-
prove performance.

Tac./Text Tac./Vis.
Dataset % Acc. % Acc.
SSVTP 19.2 8.0
HCT 38.4 74 .4
TVL 36.3 78.0

(f) Training Dataset. Models which are
exposed to the HCT dataset in training out-
perform SSVTP-only models.
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GPT-4V:
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Human Labels:
GPT-4V:
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Human Labels:
GPT-4V:
TVL-LLaMA:

“bumpy, plush, soft, cushioned”
“textured, soft, plush, fibrous, cushioned”

“soft, plush, textured, cushioned, fibrous”

“flat, lined, hard”
“Textured, flexible, soft, rubbery, woven”

“flat, hard.”

“fibrous, textured, uneven, pliable”
“smooth, reflective, hard, cool, sleek”

“smooth, glossy, hard, cool, sleek.”

Score: GT
Score: 9/10
Score: 7.5/10

Score: GT
Score: 2.5/10

Score: 7/10

Score: GT
Score: 1/10
Score: 1/10
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TVL-Benchmark

"Soft, smooth” .@.
GPT4V Scores (T)VLM Scores
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@ 1-10 and provide reasoning.
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/
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correct response ...



TVL-Benchmark

Encoder Pre-training Modalities Score (1-10) p-value
Vision Tactile Language SSVTP HCT TVL (d.f.=401)
LLaVA-1.57B v - v 3.64 355 356 1.21 x107°
LLaVA-1.5 13B v - v 355 363 3.62 1.49x107°
ViP-LLaVA 7B v - v 272 344 336 8.77x 10716
ViP-LLaVA 13B v . v 410 376 3.80 1.72x 1076
LLaMA-Adapter v - Vv 2.56  3.08 3.02 2.68x10°'7
BLIP-2 Opt-6.7b v - v 202 272 264 1.92x 1073
InstructBLIP 7B v . v 1.40 130 1.31 1.07x10784
InstructBLIP 13B v - v 144 121 124 4.64 x 10788

GPT-4V v = 4 502 442 449 -

SSVTP-LLaMA v v - 258 3.67 354 1.79x 1079
TVL-LLaMA (ViT-Tiny) v v v 6.09 479 494 424 x107°
TVL-LLaMA (ViT-Small) v v v 581 477 4.89 6.02x 104
TVL-LLaMA (ViT-Base) V4 v v 616 489 5.03 3.46x 1079




TVL-Benchmark

Encoder Pre-training Modalities Score (1-10) p-value

Vision Tactile Language SSVTP HCT TVL (d.f.=401)

LLaVA-1.57B v = v 3.64 355 356 1.21 x107?
LLaVA-1.5 13B v - v 355 363 3.62 1.49x107°
ViP-LLaVA 7B v - v 272 344 336 8.77x 10716
ViP-LLaVA 13B v . v 410 376 3.80 1.72x 1076
LLaMA-Adapter v - Vv 2.56  3.08 3.02 2.68x10°'7

BLIP-2 Opt-6.7b v - v 202 272 264 1.92x 1073
InstructBLIP 7B v . v 1.40 130 1.31 1.07x10784
InstructBLIP 13B | Vo o144 121 124 464 x 1077
‘GPTAV | vV ool A 502 442 449 -]
SSVTP-LLaMA v v - 258 367 354 1.79 %1079
TVL-LLaMA (ViT-Tiny) v v v 6.09 479 494 424 x107°
TVL-LLaMA (ViT-Small) v v v 581 477 4.89 6.02x 104
TVL-LLaMA (ViT-Base) V4 v v 616 489 5.03 3.46x 1079




Examples

Model Description
Human Labels smooth, hard, sleek GT
TVL-LLaMA reflective, cool, sleek, smooth. 8
GPT-4V smooth, reflective, hard, cool, sleek 8

SSVTP-LLaMA smooth, reflective, hard, cool, sleek. 8.5

LLaVA 1.5 7B: Slick, cold, smooth, hard, reflective. 8.5
T E TR The surface is smooth, cold, hard, unyielding, 8.5

and glossy.

ViP-LLaVA 7B Slick, cold, smooth, shiny, reflective 75
ViP-LLaVA 13B Glossy, hard, unyielding, smooth, shiny. 7.5
LLaMA-Adapter 1. Slick, hard, unyielding, cold, glossy. 8.5
BLIP-2 OPT-6.7 The surface is metallic. 6.5
InstructBLIP 7B | 1 a person is using a black tablet on their lap 1
nstructBLIP 13B | @ PErson uses a finger to press the light on a :

keyboard 3




Examples

Model Description
Human Labels hard, flat, splotchy, grainy GT
TVL-LLaMA flat, hard. 6.5
GPT-4V Textured, solid, cool, rough, uneven 4
SSVTP-LLaMA smooth, reflective, hard, cool, sleek. 2
LLaVA 1.5 7B: Slick, rough, cold, hard, glassy. S
For a white, speckled surface, the description

LLaVA 1.5 13B | might be "pebble, textured, matte, porous, 6.5

spotty.”

ViP-LLaVA /7B Shiny, cool, smooth, hard, unyielding. 2
ViP-LLaVA 13B Smooth, hard, cool, sturdy, firm. 4
LLaMA-Adapter 1. Slick, hard, unyielding, cold, glossy. 6.5
BLIP-2 OPT-6.7 |the patch is soft, velvety, smooth and slippery 1
InstructBLIP 7B some dice and a blue pair of jeans on the 1

table
InstructBLIP 13B | a close up of a person's jeans and a dice 2 1




Examples

Model

Description

Human Labels | fibrous, textured, uneven, pliable, patterned GT
TVL-LLaMA woven, flexible, soft, glossy. 6.5

GPT-4V smooth, reflective, hard, cool, glossy 1

SSVTP-LLaMA smooth, reflective, hard, cool, sleek. 1
LLaVA 1.5 7B: Cool, gritty, textured, adhesive, reflective 6.5

For the patch where the sensor makes
LLaVA 1.5 138 cc?ntact, the possible feeling could l:?e 5
described as "smooth, soft, textured, slightly
warm, and secure."

ViP-LLaVA 7B Slick, smooth, shiny, glossy, reflective 1
ViP-LLaVA 13B Shiny, reflective, firm, smooth, cool 1
LLaMA-Adapter 1. Slick, hard, unyielding, cold, glossy. 1
BLIP-2 OPT-6.7 The sensor is shiny and there is a smooth 5

surface.

InstructBLIP 78 A multicolored bracelet sitting on top of a 1

black table
InstructBLIP 13B | A wrist band with a light is on a table 81-1 1




Examples

Description

Human Labels uneven, grainy, bumpy, hard GT
TVL-LLaMA smooth, matte, firm, cool, flat. 1
GPT-4V smooth, cool, hard, matte, solid 2
SSVTP-LLaMA smooth, reflective, hard, cool, sleek. 2
LLaVA 1.5 7B: Shiny, silky, smooth, slippery, polished. 1

Glossy, smooth, cool, hard, and non-porous
LLaVA 15 13B | are some of the adjectives that could be used 5
to describe the surface where the tactile
sensor makes contact.

ViP-LLaVA 7B Slick, gritty, textured, sharp, rough 5.5
ViP-LLaVA 13B Slick, gritty, textured, sharp, rough 1
LLaMA-Adapter |1. Slick 2. Cold 3. Hard 4. Unyielding 5. Glossy. 4

The first word that came to my mind was

BLIP-2 OPT-6.7 | "sharp" because | can see the pointy edge. | 2

also think it's very comfortable because it's

instructBLIP 7B some rocks are being exposed to some 5

shining light
netructBLIP 138 | 2 black light is shown shining on a piece of :
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Abstract

Touch is an important sensing modality for hu-
mans, but it has not yet been incorporated into a
multimodal generative language model. This is
partially due to the difficulty of obtaining natu-
ral language labels for tactile data and the com-
plexity of aligning tactile readings with both vi-
sual observations and language descriptions. As
a step towards bridging that gap, this work intro-
duces a new dataset of 44K in-the-wild vision-
touch pairs, with English language labels anno-
tated by humans (10%) and textual pseudo-labels
from GPT-4V (90%). We use this dataset to
train a vision-language-aligned tactile encoder
for open-vocabulary classification and a touch-
vision-language (TVL) model for text genera-
tion using the trained encoder. Results sug-
gest that by incorporating touch, the TVL model
improves (+29% classification accuracy) touch-
vision-language alignment over existing models
trained on any pair of those modalities. Al-
though only a small fraction of the dataset is hu-
man labeled, the TVL model demonstrates im-
proved visual-tactile understanding over GPT-4V
(+12%) and open-source vision-language mod-
els (+32%) on a new touch-vision understand-
ing benchmark. Code and data: https://
tactile-vlm.github.io.

1. Introduction

Almost all biological perception is inherently multi-
modal (Bertelson & De Gelder, 2004; Turk, 2014; Bruck
etal., 2022), enabling agents to reason and make decisions
based on multiple streams of information. Recent research
in artificial multimodal representation learning has explored
linking modalities such as vision, language, audio, tempera-
ture, and robot actions (Radford et al., 2021; Girdhar et al.,
2023; Guzhov et al., 2021; Brohan et al., 2023; Radosavovic
etal., 2023). However, the tactile modality remains underex-
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Figure 1: Can embodied agents integrate touch with vision
and language? To the best of our knowledge, this work presents
the first open-vocabulary tactile-vision-language dataset and we
train 1) a vision-language aligned tactile encoder and 2) a tactile-
vision-language model (TVLM,) for describing tactile sensations.

Tactile

plored in multimodal understanding. Touch enables humans
to distinguish surface textures, object materials, dimensions,
and contact forces (Johansson & Flanagan, 2009; Dahiya
etal,, 2009; Klatzky & Lederman, 2003). Tactile perception
has also proven useful in robotic applications, particularly
for contact-rich manipulation tasks (Lambeta et al., 2020;
Dahiya et al., 2009; Calandra et al., 2018; Yuan et al., 2017;
Dave et al., 2024; Qi et al., 2023).

Many works also explore visual tactile association, build
cross-modal generators, and leverage cross-modal pertain-
ing for material property, surface texture, and cloth classi-
fication on a closed set of vocabularies (Yang et al., 2022;
Dave et al., 2024; Li & Adelson, 2013; Ojala et al., 2002;
Kampouris et al., 2016; Yuan et al., 2018; Kerr et al., 2023).

However, human tactile perception captures more than
tactile-visual associations; the tactile modality captures di-
verse semantic information and demonstrates deep integra-
tion with language (Schmidt et al., 2019; Speed et al., 2021;
Miller et al., 2018; ajbarnett, 2023). One major obstacle
to the integration of touch and language is the scarcity of
diverse data. While recent work has collected both datasets
of paired tactile and visual observations and human-labeled
datasets for tactile-based texture or material classification,
we are not aware of any tactile dataset that contains open
vocabulary language labels. Therefore, we develop a custom
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