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Abstract—Robotic grasping is a fundamental aspect of robot
functionality, defining how robots interact with objects. Despite
substantial progress, its generalizability to counter-intuitive or
long-tailed scenarios, such as objects with uncommon materials
or shapes, remains a challenge. In contrast, humans can easily
apply their intuitive physics to grasp skillfully and change grasps
efficiently, even for objects they have never seen before.

This work delves into infusing such physical commonsense
reasoning into robotic manipulation. We introduce PhyGrasp, a
multimodal large model that leverages inputs from two modali-
ties: natural language and 3D point clouds, seamlessly integrated
through a bridge module. The language modality exhibits robust
reasoning capabilities concerning the impacts of diverse physical
attributes on grasping, while the 3D modality comprehends
object shapes and parts. With these two capabilities, PhyGrasp
is able to accurately assess the physical properties of object
parts and determine optimal positions and angles for grasping.
Additionally, its language comprehension enables it to interpret
human instructions, facilitating the output of grasping poses
aligned with human preferences. For training PhyGrasp, we
construct a dataset PhyPartNet with 195K object instances
with varying physical properties, alongside their corresponding
language descriptions of physical properties and human prefer-
ences. Extensive experiments conducted in both simulators and
real robots demonstrate that PhyGrasp achieves state-of-the-art
performance, particularly in long-tailed cases, e.g., about 10%
improvement over GraspNet. More demos and information are
available on our anonymous webpage.

I. INTRODUCTION

Human-like embodied intelligence represents an important
milestone in the realm of robotic manipulation, offering prac-
tical applications such as household robots designed to assist
with our daily tasks. Despite notable advancements that have
been made [13, 46], the current capabilities of robots still lag
far behind humans, particularly in physical commonsense rea-
soning and generalizability [4]. Humans possess inherent mul-
timodal reasoning abilities and an intuitive sense of physics,
enabling them to plan actions accurately by leveraging such
commonsense knowledge, and easily generalize to uncommon
even counterfactual objects or situations. For example, as
illustrated in Figure 1, humans intuitively understand the need
to grasp the base when lifting a monitor and recognize the
fragility of the display, realizing that mishandling it could
lead to breakage. Existing robot grasping techniques lacking
physical common sense may inadvertently disregard these
principles, potentially resulting in damage. Incorporating phys-
ical common sense into robotic systems can mitigate this issue.
How to empower robots with such capabilities to handle long-
tailed objects and scenarios becomes an important challenge.

Previous methods for robotic grasping and manipulation
generally fall into two streams. 1) The first stream directly

The display is made of glass and is fragile, while
the base is made of plastic and is relatively tough.
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Fig. 1: Motivation of our PhyGrasp. Current general robot
grasping policies (left) typically predict the pose and position
for grasping based solely on the object’s 3D shape, neglecting
its physical properties. This oversight can lead to potential
damage to the display. In contrast, integrating physical com-
mon sense into robotic systems (right) can address this issue
effectively.

estimates low-level robotic actions or trajectories for execu-
tion [6, 7, 51]. These methods typically rely on large-scale
data for training, resulting in models that struggle to generalize
to novel scenarios or robotic platforms. 2) To improve the
generalizability, the second stream [18, 17] proposes to employ
analytical methods or learned models to predict affordance
maps or grasping pose proposals. Subsequently, it plans low-
level robotic actions based on these estimated affordances or
poses. The underlying motivation is that grasp poses are eas-
ier to generalize than robotic action sequences. Nonetheless,
existing grasping pose detection algorithms often concentrate
on the analysis of 3D shapes and semantics of objects, while
overlooking part information, physical senses, and constraints.
Consequently, they still face challenges in generalizing to
objects with diverse physical properties and long-tailed sce-
narios. The incorporation of physical commonsense remains a
fundamental aspect that is largely unexplored within existing
robotic grasping frameworks.

In recent times, the rapid evolution of large language
models (LLMs), such as ChatGPT, has showcased robust
understanding and generalization capabilities, holding promise
for physical commonsense reasoning. However, these models
lack perceptual environmental information, such as detailed
parts and shapes from 3D vision, which poses a challenge
in utilizing LLMs for real grasping applications. While some
vision-language models (VLMs) have been proposed to pro-
vide vision information for LLMs, their focus has predomi-
nantly been on visual question-answering tasks, leaving them
ill-equipped to reason effectively about the physical world,


https://sites.google.com/view/phymanip

particularly within domains like robotic grasping and ma-
nipulation. Considering 3D models such as PointNet and
PointNet++, which offer substantial insight into object shapes
and poses in the physical world, an intuitive solution emerges:
building a multimodal model that bridges the 3D and language
modalities. This integration aims to facilitate a comprehensive
physical reasoning of objects in robotic grasping tasks.

In practice, it’s non-trivial to train an interface between
the 3D and language modalities, due to its data-intensive
nature and underrepresentation in standard multimodal pre-
training datasets. Existing datasets and benchmarks typically
either concentrate solely on grasping without considering the
underlying physical concepts (e.g., material, fragility, mass,
friction) [16], or they focus on high-level physical understand-
ing without addressing low-level grasping estimation [20], re-
stricting their usefulness for robotic grasping and manipulation
tasks. Our objective is to address this problem from both sides.

Motivated by the above observations, in this work, we
construct a physically grounded 3D-language dataset, termed
PhyPartNet. It contains 195K unique object instances featuring
various physical properties across their parts based on PartNet.
For each object instance, we sample physical attributes, such
as material, fragility, mass, density, and friction, for individual
parts of the object. Subsequently, we generate corresponding
grasping probability maps using analytical grasping solutions,
along with machine-generated language instructions and pref-
erences, which are then verified by humans.

Based on PhyPartNet, we introduce PhyGrasp, a multimodal
model designed to serve as an interface between LLMs and
3D encoders, effectively bridging and grounding high-level
physical semantics and language into low-level grasping maps.
PhyGrasp employs frozen PointNext [54] and Llama 2 [62] as
its encoders, coupled with a carefully crafted bridge module
capable of integrating information from language, visual local,
and visual global representations to generate final predictions.
It offers several appealing benefits. Firstly, it predicts grasping
poses based on both language descriptions and 3D information
regarding an object’s physical properties, such as material,
fragility, mass, density, and friction. Secondly, its language
comprehension enables the interpretation of human instruc-
tions, facilitating the output of grasping poses aligned with
human preferences. Lastly, it demonstrates strong generaliz-
ability to long-tailed, unseen, and even counterfactual objects.

Our primary contribution is PhyGrasp, which generalizes
robotic grasping through the integration of physics-informed
large multimodal models. For the first time, we facilitate
grasping pose detection by leveraging the object’s part-level
physical properties. We conduct experiments in both sim-
ulators and real robots to demonstrate the effectiveness of
PhyGrasp. Another contribution is our PhyPartNet dataset, a
comprehensive collection of large-scale 3D mesh instances
featuring diverse part-level physical attributes and correspond-
ing language annotations. We aspire for our work to inspire
future research in robot grasping, particularly among those
inclined towards physical reasoning and interactions.

II. RELATED WORK

1) Physical Reasoning: Previous work’s focus was on
estimating the physical properties of objects through visual
perception, using interaction data as a primary source of
learning [68, 69, 34]. A distinct body of research has shifted
towards developing representations that encapsulate physical
concepts, going beyond direct property estimation [25, 72].
Notably, methods [41, 33, 20] explore physical reasoning
using LLMs and VLMs, e.g., [20] introduces a dataset specifi-
cally designed to quantify and enhance object-centric physical
reasoning capabilities. Moreover, OpenScene [52] employs
CLIP [56] to discern objects within scenes based on attributes
like material composition and fragility. However, they fo-
cus on high-level physical understanding without addressing
low-level grasping estimation, restricting their usefulness for
robotic grasping and manipulation tasks. This work introduces
PhyPartNet, which not only underpins our methodology but
also facilitates advancements in robotic manipulation by pro-
viding a more nuanced understanding of physical properties
and their implications for robotics grasping.

2) Large Multimodal Models: The community has wit-
nessed the emergence of multimodal large language models
(MLLMs), designed to augment the capabilities of traditional
language models by incorporating the ability to process and
understand visual information [81, 80, 82, 70, 61, 2, 86, 32,
30, 74, 11, 31, 79, 35, 75]. Among these, Flamingo [2] stands
out by utilizing both visual and linguistic inputs to demon-
strate impressive few-shot learning capabilities, particularly
in visual question-answering tasks. Building on this foun-
dation, advancements have been made with the introduction
of models like GPT-4 [50], the LLaVA series [39, 42, 38],
and MiniGPT-4 [83], enhancing visual language large models
(VLLMs) through visual instruction tuning. This innovation
has significantly improved these models’ ability to follow
instructions, a crucial aspect for applications requiring precise
interaction with visual content. Simultaneously, a new wave of
models [67, 53, 3, 66, 10] has been developed to strengthen
the visual grounding capabilities of VLLMs. These advance-
ments facilitate more nuanced tasks such as detailed region
description and precise localization, underscoring the growing
sophistication of these systems in interpreting and interacting
with visual data. Despite these significant strides in the devel-
opment of MLLMs and their enhanced ability to integrate and
interpret multimodal data, there remains a notable gap in their
application to physical reasoning, particularly in the context of
robotic grasping. This gap highlights a pivotal area for future
research, where the potential for MLLMs to contribute to the
understanding and execution of complex physical interactions
can be further explored and realized.

3) Large Models for Robot Learning: Leveraging large
pre-trained models holds promise for creating capable robot
agents. Numerous works focus on using language models for
planning and reasoning in robotics [22, 1, 9, 59, 21, 57, 60,
37, 64, 14, 15, 77, 43, 65, 55]. To enable language models to
perceive physical environments, common approaches include



providing textual descriptions of scenes [23, 78, 59] or access
to perception APIs [36]. Vision can also be incorporated
by decoding with visual context [24] or using multi-modal
language models that directly take visual input[15, 49, 48, 73].
In this work, we leverage the strong capabilities of vision
and language models for physical common sense reasoning,
thereby for the first time, enabling physics-informed robotic
grasping.

4) Grasp Pose Detection: The domain of vision-guided
grasp pose detection has become a focal point in robotics re-
search, representing a shift from traditional top-down grasping
techniques to the thorough exploration and implementation
of six degrees of freedom (6 DOF) grasping methods. This
evolution is underscored by notable contributions in the field,
exemplified by advancements documented in [44, 85, 45] for
planar grasping. It is further propelled by the introduction of
sophisticated 6 DOF methodologies in studies such as [5, 26,
84].Central to this progression is the development of state-
of-the-art 6 DOF grasp pose detection models, particularly
exemplified by AnyGrasp [18]. AnyGrasp extracts and encodes
geometric features of objects from point clouds, achieving
a success rate in object grasping that parallels human capa-
bilities. Leveraging the grasp poses identified by AnyGrasp,
subsequent research endeavors have been proposed, concen-
trating on specific object grasping [40, 27]. These efforts
have extended to articulated object manipulation tasks [76]
as well. However, these investigations often assume fixed
physical parameters of objects or aim to identify a univer-
sally robust grasp amidst varying physical uncertainties. Such
assumptions may lead to impractical or hazardous grasping
scenarios, particularly when dealing with delicate object parts,
a challenge exacerbated by the limited ability of vision sensors
to discern material properties.To address these challenges, an
innovative approach is proposed: integrating physical parame-
ters into the grasp planning algorithm through natural language
descriptions from human guidance. This approach allows the
network to adjust its planning outcomes based on the articu-
lated physical characteristics of objects, thereby enhancing the
practicality and safety of robotic grasping operations.

III. DATASET GENERATION

We develop a dataset that enables robots to learn physical
reasoning for grasping objects. This dataset includes object
point clouds for visual processing, language summaries, and
corresponding analytical grasping solutions. The left side of
Figure 3 summarizes the data generation process. For each
object, we generate multiple instances where different parts
of the object have different physical attributes (e.g., material,
density, mass, friction). Section III-A provides details of the
statistics of the dataset. We use analytical methods (refer
to Section III-B) to calculate force closure grasp pairs and
construct a grasping affordance map, which can serve as the
ground truth grasping solution for robot learning. As described
in Section III-C, we use OpenAI’s ChatGPT API to provide
descriptive summaries of objects, highlighting different phys-
ical attributes in each grasp instance.

cardboard bronze
2

. plastic
w23 3% e

20% aluminum
4.2% glass 19% 3.4%

blywood el 2%

bottle refrigerator 5-6% leather tin
0% 3z 22% 3%

5.3% 4.0%

Fig. 2: Statistics for the dataset. The left and right figures
denote instance distributions among objects and materials,
respectively.

A. Dataset Statistics

We build our dataset based on the PartNet dataset [47],
which comprises 28,599 objects across 24 categories, each
featuring part segmentation. For every object, we generate
multiple instances, varying the materials of different parts. We
introduce 16 materials, each associated with unique physics at-
tributes: density, friction, and fragility. These attributes enable
us to compute the mass, center of mass, and maximum normal
force applicable to each surface of the object. Additionally,
we assign varying levels of grasping probability to each part,
reflecting human common sense (e.g. human will not grasp
knife blade). In total, we create 193,856 unique instances,
with equal distribution among objects and materials (refer to
Figure 2).

The training, validation, and testing set have 173,856,
10,000, and 10,000 instances, respectively. In addition, we
prompt ChatGPT to pick a "hard set* that is a subset of the
general testing set and contains 370 the most counter-intuitive
instances.

B. Analytical Grasping Solutions

A grasp, denoted by g, achieves force-closure if, for any
external wrenches (i.e., forces and torques, F.,;) applied to
the object, there exist contact forces f. within the contact
friction cone K, that counterbalance the external wrenches,
satisfying G f. = F.,:. Here, G represents the grasp mapping
matrix, which is contingent upon the grasp’s location, g, and
the magnitude of f. can be arbitrarily large [58].

In this study, we identify potential grasp candidates by
employing a ray-shooting technique around the object to
determine contact pairs, thereby conceptualizing a parallel
grasp, ¢g. The grasp mapping matrix G is then formulated
based on ¢’s positioning relative to the object’s center of mass
(CoM). To assess the force-closure property of a grasp, we
employ the following optimization problem:

min| ||

s.t. ch = Fer{:t (])
fe € K,
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Fig. 3: An overview of our PhyPartNet generation pipeline and our PhyGrasp framework. Given object meshes sampled
from PartNet, we leverage GPT3.5 and an analytical method to automatically generate the grasping affordance map and
language descriptions for the object instance. The generated data is then human-verified, forming our PhyPartNet. We freeze
PointNext [54] and Llama 2 [63] and tune the bridge network during training on PhyPartNet. After training, PhyGrasp is able
to generalize to novel 3D point clouds and new natural language instructions.

While we can ascertain the force-closure status using sim-
pler methods, as indicated in [44, 84], the formulation in
Eq. (1) enables the incorporation of additional constraints
reflective of the object’s physical characteristics. Specifically,
we consider the maximum permissible contact force (| f.| < ¢),
the variation in friction coefficient across the object’s surface
(K, o< p), and adjustments to the object’s center of mass
(G x CoM).

We compute the feasibility of the solution to Eq. (1) to
verify whether a grasp pair is force-closure and complies with
other physical prerequisites.

we construct a grasp affordance map by assigning a Gaus-
sian distribution on each grasping location. We normalize the
resulting sum, so the grasping probability of each point on
the mesh is under a mixture of Gaussian distribution. The left
column of Figure 5 illustrates the resulting affordance map.
For each instance, we sample 2,048 points on the surface of
the object mesh as the input for vision processing.

With analytical grasp pairs, we create a grasp affordance
map by allocating a Gaussian distribution to each grasping
location. The normalized sum of each point on the object mesh
represents the grasping probability and follows a mixture of
Gaussian distributions. The left column of Figure 5 illustrates
the resulting affordance map. We also save 2,048 points
sampled from the surface of each object mesh as object point
cloud for each instance for future vision processing.

C. Language Summary Generation

For objects composed of multiple parts with varying ma-
terials and physics attributes, we utilize OpenAI’s ChatGPT
API to generate language descriptions that summarize each
instance, emphasizing the distinct physical attributes in every
grasp scenario. We prompt ChatGPT to create a list of common

Role: you are a grasping analytical assistant, skilled
in summarizing the features of different objects and
materials with a natural language.

You should provide as much information as possible with
minimal words.

You focus on the important features of every part with
their materials, rather than the specific values.

You will be given a paragraph describing the object and
its parts with their materials, densities, frictions
fragilities, and human grasp probabilities hint.

You should follow such rules:

1. Names: Describe the object & material names precisely.
2. Densities: Point out the densest part or the lightest
part. If the density difference is not obvious, you can
ignore it.

3. Frictions: Point out the part with the highest
friction and the lowest friction. If the friction
difference is not obvious, you can ignore it.

I will give you some examples.

examples
Instruction: Please process the following paragraph.
Output in one paragraph.

Listing 1: An example of the prompt used for GPT3.5.

Input: There is a faucet, it has several parts including a
switch, a frame, and a spout. The material of each part
is plastic, brass, and fiberglass, with friction: 0.4,
0.38, 0.6, density: 1400, 8530, 2020, fragility: normal,
tough, normal.

Output: The faucet has three parts: switch, frame, and
spout. The spout is made of fiberglass with the highest
friction. The switch’s material is plastic and the frame
is made of brass with the highest density.

S

Listing 2: A human example of the language description for
GPT3.5 prompt.

materials, each characterized by specific values for density,
friction, and fragility using its common sense. After we
generate all instances based on the material list, we supply
ChatGPT with manually crafted prompts and examples (refer



to List 1 and List 2) that effectively illustrate the instances.
This approach helps ChatGPT in understanding the relevant
terms and enables it to accurately describe the remaining
instances in our dataset.

IV. LEARNING METHODS

With our dataset, we are able to train a neural network
in the intricacies of robot grasping grounded with physical
reasoning. The training regimen starts with a large vision
model and a large language model (see Section IV-A), both of
which work in tandem to encode our dataset into visual and
linguistic features. We then construct a bridge network (see
Section IV-B) that takes these features as input and yields a
grasping affordance map, as well as a complementary classifier
to generate an array of corresponding grasping pairs for each
point on an object’s point cloud. Section IV-C details the losses
we use for training.

A. Feature Extraction

1) Vision Encoder: We use the PointNeXt architecture [54]
to transform an object’s point cloud into global and local
visual features. With a PointNeXt encoder pre-trained on the
ModelNet40 dataset [71], we extract a global feature vector
with a shape of (1024,) for each object’s point cloud. Since
ModelNet40 dataset contains different objects from those in
our dataset, these global features facilitate our model’s ability
to generalize to objects out of the domain of our dataset. For
the extraction of local features, we leverage the PointNeXt
encoder in conjunction with its part segmentation decoder,
outputting local features of dimension (64,) for each point
within the point cloud. The encoder-decoder pair, having been
trained on PartNeXt—the same dataset that underpins our
work—embeds detailed part segmentation information within
the local features, enhancing our network’s capacity to discern
the variations among different parts of an object.

2) Language Encoder: We utilize Llama [62] to encode the
language descriptions of each instance into linguistic features.
Opting for the representation from the model’s 20th layer, as
indicated by the findings in [87], which demonstrated optimal
outcomes for feature extraction, we obtain features with a
dimension of (4096,).

B. Bridge Network

Our bridge network uses the extracted features to predict
grasping solutions. Figure 4 illustrates the structure of our
bridge network. We use a multilayer perceptron (MLP) to
compress both the global visual and linguistic features down
to a dimension of (128,) and mix them with another MLP
to generate a global feature of (64,). In a parallel process, we
refine the local visual feature through an MLP and amalgamate
it with the global features and the object’s point cloud,
culminating in a composite feature vector of (64+64+3,) for
each point on the point cloud. We then deploy two distinct
MLPs: one functions as a predictor to generate a grasp
affordance map, while the other acts as a classifier to identify
corresponding grasp pairs using embeddings.
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Fig. 4: The architecture for the bridge module of PhyGrasp.
It outputs the grasping probability (affordance map) and the
pair embedding for each point.

C. Losses

We introduce 3 different loss functions and balance them
with Automatic Weighted Loss (AWL) [29] in Eq. (5). We
use the following definitions: /N is the number of instances,
K? is the number of positive grasp pairs for ith instance, while
K is for negative pairs. 6, and ¢, are respectively the margins
for the positive and negative embedding loss. || - || is the L1
or L2 distance, and [z]; = max(0,z) denotes the hinge.

The first loss function is global loss L,, where G; is
the ith output affordance map by our model and Gft is the
corresponding ground truth in our dataset.

1 N
=5 2 llei = GHl 2)
=1

The second loss function is Lenp, Which is a linear combi-
nation of its positive part LY . and negative part L" . in Eq.
(3). Qi is our model’s embeddlngs output for the kth grasp
pair of ¢th instance.

emb NZ ZHszl_QzIfQH ]

= '}3 3)
2
emb N Lzl Kln ; ||Qi,k71 - Qi,k}72||]+

Lemb = Ap - Ly, + Lemp

The third loss function L is for segmentation with em-
beddings. We use a MLP classifier to segment the pairs by
their grasping probability leveraging the output embeddings.
This classifier takes a pair of embeddings as input, whose
dimension is (64,), and outputs a grasp score M. Therefore,
M; 1, is the grasp score for the kth pair of th instance, and



TABLE I: The grasping success rate (%) evaluated in the
simulation for baseline models and our model.

General Set Hard Set
Method Topl Top5 Topl Top5
Analytical (upper bound) 78.0 92.1 70.0 87.6
GraspNet [16] 56.4 83.2 50.5 77.6
VGN [5] 34.1 45.9 33.6 43.5
PhyGrasp (Ours) 61.5 86.0 59.7 79.2

TABLE II: Ablation study of our model. We report the
grasping success rate (%) evaluated in the simulation.

General Set Hard Set
Method Topl Top5 Topl Top5
Ours 61.5 86.0 59.7 79.2
Ours w/o Local 46.4 81.3 44.6 76.5
Ours w/o Global 60.2 86.3 53.5 79.4
Ours w/o Language 61.0 86.7 55.1 77.8

Mftk is the ground truth, which is 1 for positive pair and 0
for negative one.

N K°+K!

Leg == Y logp(Mix = Mf}) @
i=1 k=1
L = AWL(Lg, Lembv Lseg) (5)

V. EXPERIMENTS AND EVALUATION

We conducted experiments in both simulation (Section V-A)
and real-world (Section V-B) to evaluate the performance of
our method in robot grasping.

A. Simulation Experiments

1) Settings: We conducted simulated experiments using
PyBullet [12]. We used two gripper fingers to pinch the object
at the predicted grasping positions, directed towards each
other. For each instance, we evaluated the top-n predictions
from models, considering any trial where the object remained
secure between the fingers as a successful grasp.

2) Baselines:

« Analytical (upper bound) refers to the analytical grasping
solutions in each instance. Evaluating this baseline helps
in quantifying the gap between analytical predictions and
their practical simulation outcomes.

o GraspNet [16] is a baseline for general object grasping.
It uses a convolutional neural network to predict grasp
instances directly from point clouds, providing a com-
prehensive and efficient approach to robot grasping.

o Volumetric Grasping Network (VGN) [5] constructs a
Truncated Signed Distance Function (TSDF) representa-
tion of the scene and outputs a volume of the same spatial
resolution, similar to the grasping affordance map.

Affordance Map
(Analytical)

Affordance Map
(Ours)

The display consists of the display screen and the base. The display screen is made of glass, which is very fragile. The
base is made of steel, indicating it is very tough. The density of the base is much greater than that of the display screen.

Grasping Pair Match
(Ours)

The display consists of display screen and base. The display screen is made of silicon. The base is made of wood. The
base has a higher density than the display screen. The display screen has a similar friction value to the base.

-— - @ o "
The cutting instrument consists of two parts: blade side and handle side. The blade side is made of tin, which has a

lower density compared to the handle side made of granite. The handle side has a higher friction value. The blade side
is more fragile, while the handle side has a normal fragility. The highest grasp probability is for the blade side.
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The cutting instrument consists of two main parts: the blade side and the handle side. The blade side is made of latex,
providing a higher friction, while the handle side is made of leather, offering a lower friction. Both parts are considered
tough and have similar fragility. The handle side has a higher grasp probability compared to the blade side.
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The clock consists of two parts: the base and the clock body. The base is made of copper, which has a higher density
compared to the clock body made of zinc. The base also has a slightly higher friction compared to the clock body. The
base is more tough, while the clock body is of normal fragility.
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The clock consists of two parts: the base and the clock body. The base is made of nickel and has a higher density
compared to the clock body made of rubber. The clock body has a higher friction value. The base is more fragile compared
to the clock body. It is advised to grasp the clock body.

Fig. 5: Visualizations of the affordance map and grasping
pair match map for our method. The left column is the
affordance map of the analytical method (ground truth), the
middle column is our affordance map, and the right column is
the grasping pair match map. We observe that our affordance
map prediction exhibits high quality and closely resembles
the ground truth. In the match map, the intensity of yellow
coloration indicates the confidence level, with the red point
representing an anchor and the yellow point representing the
top-1 prediction to be paired with the anchor.

3) Results: Table I summarizes the grasping success rate
evaluated in simulation for the baseline models and our model.
Our model outperforms all baselines in every metric. VGN
underperforms on our dataset, particularly with large objects
with multiple surfaces like tables, chairs, and beds, due to the
difficulty in constructing TSDFs for these items. Additionally,
its heavy reliance on visual features makes it prone to failure
in scenarios where physical factors alter grasping strategies.
GraspNet exhibits slightly lower performance than ours in
the general test set. However, its performance drops by more
than 5% on the hard set, whereas our model maintains its
effectiveness. Since the hard set includes the most counter-
intuitive examples, this indicates that our model effectively
comprehends language descriptions and reasons about physical
attributes to adapt its grasping strategy. In contrast, GraspNet,



(a) Plastic hammer

(d) Steel hammer

(e) Pill bottle with rubber band

(c) Plastic banana
—

(f) Ripe banana

Fig. 6: Our real-world experiments. We select three representative objects with different physical properties. Our model
accurately predicts locations that align with our expectations during setting these testing scenarios. For instance, it effectively
estimates the center of gravity of a hammer with various materials and plans graspings. Moreover, it recognizes that grasping

the rubber portion of the pill bottle provides greater stability.

TABLE III: Comparisons of grasping affordance map accuracy
under different metrics.

Method KLD | SIM 1 AUC-J 4
VGN 5.2622 0.4452 0.5026
Ours 0.3783 0.7306 0.8545

which depends solely on vision, is likely to struggle with these
long-tailed edge cases.

We provide qualitative results for our model’s predictions of
afforance map and grasping pair match in Figure 5. Visually,
these predictions closely resemble analytical solutions. We
further explore the impact of physical attributes on the same
object, as exemplified by two clocks: the top clock features
high friction and low fragility at its base, while the base of
the bottom clock is low in friction and is fragile. Our model
successfully captures this information and identifies the correct
part to grasp. The grasping pair match highlights the efficiency
of our embedding and classifier, with the anchor and query
points forming a force-closure grasp, thereby enhancing the
grasping success rate.

In Table III, we report the Kullback-Leibler Divergence
(KLD) [19], the Similarity metric (SIM) and the Area Under
the Curve (AUC-J) [8, 28] to evaluate the effectiveness of
the predictions of affordance map. These metrics evaluate the

discrepancy in the distribution of heatmaps or affordance maps
in relation to grasping probability for both our method and
VGN. The results indicate that our method outperforms VGN
in generating more accurate grasping affordances.

4) Ablations:

e Ours w/o Local: Eliminating local vision features signifi-
cantly impacts our model’s capability to discern part seg-
mentation information. This limitation hinders its ability
to prioritize grasping parts with a higher probability of
successful grasp, leading to the most notable performance
drop.

e Ours w/o Global: Excluding global features results in
a relatively minor impact on our model’s performance.
This is understandable since the encoder is pretrained
on ModelNet40, which differs from our objects. While
this approach aids in generalizing to unseen objects, as
demonstrated in our real-world experiments, it wasn’t
explicitly evaluated in simulation tests.

e Ours w/o Language: Omitting language features leads to
minimal performance changes in the testing set but results
in failure in the hard set. In more general instances, the
model can rely on vision features for identifying safe
grasps. However, in the counter-intuitive instances, lan-
guage information becomes crucial to ensure successful

grasping.



TABLE IV: The top 5 grasping success rate (%) evaluated in
the real world for GraspNet and our model.

Method Scenario Banana Hammer Bottle Overall
GraspNet Normal 0.2 0.2 1.0 0.5
sp Challenging 0.0 0.2 0.0 0.2
Ours Normal 0.4 0.6 1.0 0.7
‘ Challenging 0.6 0.6 1.0 0.7

B. Real-world Experiments

1) Settings: In our experiments, we compared our method
with GraspNet using two bananas, a pill bottle, and two
hammers, representing both standard and challenging grasp-
ing scenarios (refer to Figure 6). For bananas, the standard
scenario was unrestricted grasping, whereas the challenge was
grasping only the stem of an overly ripe banana without
causing damage. The pill bottle’s challenge involved a rubber-
banded cap and a low-friction body, requiring cap grasping
rather than the body. The two hammers, one with a uniform
mass distribution (plastic head and wood handle) and the other
with a mass-concentrated steel head, presented varied center
of mass (COM) challenges. The robot had to grasp the head of
the steel hammer due to its limited gripper wrench capacity.

We used Reality Composer on an iPhone 13 Pro to create the
objects’ meshes and sampled point clouds from these meshes
for input into both GraspNet and our model. In normal sce-
narios, our model received simple object descriptions, while in
the challenging situations, we provided with detailed language
descriptions outlining our specific grasping requirements. Our
experiments operated under the assumption of known accurate
object pose, as pose estimation was not the focus of this
study. We used PyBullet for motion planning and commanded
a FANUC Robot LR Mate 200iD/7L to grasp object at the
predicted grasp positions.

2) Results: In real-world tests assessing grasping success
rates, our model consistently surpassed GraspNet across a
range of objects and scenarios. Table IV presents a summary
of these success rates. Our method achieved an impressive
success rate of 70% in both normal and challenging scenarios,
whereas GraspNet attained 50% in normal conditions and 20%
in challenging ones. This highlights our method’s efficacy and
dependability in real-world grasp generation.

Figure 6 illustrates the resulting grasping poses. The suc-
cessful grasping of bananas and hammers further exemplifies
our model’s ability to generalize to objects that are unseen in
our dataset.

VI. CONCLUSION

This study delves into the integration of physical common-
sense reasoning into robotic grasping. We introduce PhyGrasp,
a large multimodal model that combines inputs from two
modalities: natural language and 3D point clouds, seamlessly
connected through a bridge module. The language modality
demonstrates robust reasoning capabilities regarding the im-
pacts of diverse physical attributes on grasping, while the 3D

modality comprehends object shapes and parts. By leveraging
these two capabilities, PhyGrasp accurately evaluates the phys-
ical properties of object parts and determines optimal positions
and angles for grasping. Moreover, its language understanding
enables it to interpret human instructions, facilitating the
generation of grasping poses aligned with human prefer-
ences. To train PhyGrasp, we curate our PhyPartNet dataset
comprising 195,000 object instances with varying physical
properties, along with corresponding language descriptions of
these properties and human preferences. We anticipate that
our dataset and models will prove to be valuable resources for
the community, particularly for those interested in advancing
physical reasoning and grasping.
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