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Please tell me the physical information of this object?

Please pick the ripe avocado and put itin t

1. Object Identification: Duck Toy

2.Physical Properties: Hardness: 3; Elasticity: 7; Roughness: 3
oy is made of a soft, rubbery material with a smooth surface.It has a medium level of

o The duck toy
hardness and elasticity, allowin; g'tt be easily deformed and return to its original shape. The
surface is relatively smooth, with n tl able bumps or texture.
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Hardness, elasiticity and roughness «”
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easily deformed and return to its original shape. The surface is
relatively smooth, with no noticeable bumps or texture.

—
RINERXE DR
PATURN v, DL
r | l 1 Shenzhen Technology University
: Dexterous
(i) Methodologies
Property Score Range Characterization Example Materials
1-2 Extremely soft Cotton, sponge
Lo gvERR el EaT) 34 Soft Rubber ball, soft plastic toy
Hardness 56 Medium Plastic container, shoe sole
78 Hard Wood, ceramic plate
| OO000 < B E R B <ro.ene> <ot sare [ (] (T L seetone | Reference 910 Extremelyhard  Metal, diamond
1-2 Minimal elasticity ~ Clay, dry sponge, wooden ruler
concatenation S . 34 Low elasticity Rubber eraser, hard plastic, book cover
Oooooo OooOoond oooood core Range ° FElasticity 56 Medium elasticity ~ Foam ball, silicone, thick rubber mat
project layer(MLP) project layer(MLP) 78 High elasticity Rubber band, bouncy ball, yoga mat
tokenilzer 9-10 Maximum elasticity Trampoline surface, latex sheet, inflated balloon
embedding 1-2 Extremely smooth  Glass, polished marble
vision encoder(ViT-L/14) vision encoder(ViT-L/14) 3-4 Sracoct Pagti+; urface, ceramic mug
T T T Roughness 56 Medium texture  Papert, leather, cardboard

78 Rough Sandpaper, concrete, bark of a tree
9-10 Extremely rough  Gravel, coarse fabric, pumice stone
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’ Output It has a medium level of hardness and elasticity, allowing it to be
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(ii) Zero-Shot Generalization-

Attribute Method Correlation: | b cupe
—— Coefficient
’»”° N Octopi-ViTaL 0.501 0.005
/7 \ Herdness | OCtoPI-VITaL (vision only) 0.307 0.099
/ 3 5 \ e Octopi (fine-grained) 0.307 0.099
1 \ Octopi (original) 0.015 0.935
" 1 Octopi-ViTaL 0.530 0.003
1 o Octopi-ViTaL (vision only) 0.452 0.012
! unscen ! Blasticity Ociop! (Fac-grained) 0.053 0781
\ . H Octopi (original) 0.060 0.753
\\Ob J ects ] Octopi-ViTaL 0.643 0.0001
\ K Roushness | OCOPI-VITaL (vision only) 0.413 0.023
N / HERSESS Octopi (fine-grained) -0.010 0.959
el Octopi (original) 0.118 0534

Yu et al., “Octopi: Object Property Reasoning with Large Tactile-Language Models,” RSS 2024.

Spearman Rank Correlation (p)
with Ground Truth Measurements

(iii) Conclusions
1) Integrated vision, tactile, and language
inputs — Improved property inference.
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i1) Our structured prompting — Achieved
strong results on hardness, elasticity, and
roughness.

1v) Demonstrated zero-shot generalization
across unseen objects.



