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Abstract

Grounding 3D object affordance is a task that locates
objects in 3D space where they can be manipulated, which
links perception and action for embodied intelligence. For
example, for an intelligent robot, it is necessary to accu-
rately ground the affordance of an object and grasp it ac-
cording to human instructions. In this paper, we introduce
a novel task that grounds 3D object affordance based on
language instructions, visual observations and interactions,
which is inspired by cognitive science. We collect an Af-
fordance Grounding dataset with Points, Images and Lan-
guage instructions (AGPIL) to support the proposed task.
In the 3D physical world, due to observation orientation,
object rotation, or spatial occlusion, we can only get a
partial observation of the object. So this dataset includes
affordance estimations of objects from full-view, partial-
view, and rotation-view perspectives. To accomplish this
task, we propose LMAffordance3D, the first multi-modal,
language-guided 3D affordance grounding network, which
applies a vision-language model to fuse 2D and 3D spa-
tial features with semantic features. Comprehensive ex-
periments on AGPIL demonstrate the effectiveness and su-
periority of our method on this task, even in unseen ex-
perimental settings. Our project is available at https:
//sites.google.com/view/lmaffordance3d.

1. Introduction
Affordance is the property of an object that suggest how

it can be used [10]. Grounding 3D object affordance aims
to classify, detect, or segment the object’s affordances in a
scene with the input of images, videos, and point clouds,
which plays an important role in robotics, human-object in-
teractions (HOI), scene understanding, functionality under-
standing, and other fields [3, 14].

Although there are numerous studies [6, 8, 27, 30] fo-
cusing on grounding object affordances from 2D images
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Figure 1. Illustration for the affordance grounding task. In-
spired by cognitive science, when humans encounter a new object,
they learn its affordance through language instructions, vision in-
formation from eyes, and human-machine interactions, thus ob-
taining its affordance.

or videos, the knowledge of affordances derived from 2D
data remains challenging to apply in 3D space. Some works
[5, 44] have been dedicated to using 3D data to ground ob-
ject affordances. They learn from geometry to segment
out affordance regions from point clouds. However, they
exhibit limited generalization for grounding unseen object
affordances and tend to show confusion when encounter-
ing similar objects. [47]. Actually, humans learn the affor-
dances of a new object from demonstrations in images or
videos, as well as from verbal instructions. It is a complex
and comprehensive task that involves understanding of lan-
guage instructions, geometric relationships, and scene in-
formation. Cognitive science research [12] also indicates
that visual information and auditory language cues humans
perceive can enhance their ability to use or manipulate new
objects. Inspired by this, we introduce a novel task that
grounds 3D object affordance based on language instruc-
tions, visual observations, and interactions.

In this paper, we present AGPIL, which is the first multi-
modal and multi-view dataset for grounding 3D object af-
fordance. For the full-view dataset, each frame of data in-
cludes a language instruction, an image of human-object in-
teractions, and point clouds of the object’s entire external
surface. In the 3D physical world, due to observation ori-
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Dataset Year Input Output View Number
Image Point cloud Language

PAD [26] 2021 ✓ ✗ ✗ 2D Segmentation - 4002
CAD-120++ [11] 2022 ✓ ✗ ✗ 2D Box - 32327
AGD20K [27] 2022 ✓ ✗ ✗ 2D Heatmap - 20061
3D AffordanceNet [5] 2021 ✗ ✓ ✗ 3D Heatmap F, P, R 56307
GAPartNet [9] 2023 ✗ ✓ ✗ 3D Segmentation & Pose P, R 8489
PIAD [47] 2023 ✓ ✓ ✗ 3D Heatmap F 7012
LASO [19] 2024 ✗ ✓ ✓ 3D Heatmap F 19751
AGPIL (Ours) 2024 ✓ ✓ ✓ 3D Heatmap F, P, R 30972

Table 1. Comparion of affordance grounding dataset. Here we mainly compare the input, output, view, and dataset scale for different
datasets. F, P, and R respectively refer to full-view, partial-view, and rotation-view.

entation, object rotation, or spatial occlusion, we can only
acquire partial scans of the object. So we also build the
partial-view and rotation-view datasets. The partial-view
dataset includes only one side or part of the object’s point
clouds, while the rotation-view dataset contains part of the
object’s point clouds with random rotation along the x, y,
and z axes. In addition, each view of datasets has two set-
tings: seen and unseen, which can comprehensively test the
model’s generalization performance.

To address the task of grounding 3D object affor-
dance, we propose LMAffordance3D, which is an end-to-
end multi-modal, language-guided 3D affordance ground-
ing framework based on the vision-language model (VLM).
And This framework operates as a one-stage method. The
key idea is to integrate 2D and 3D spatial features and
project them into a text space via multilayer perceptron
(MLP). We then concatenate all the features as input for the
vision-language model. Using a decoder, we fuse the output
from the vision-language model with the 2D and 3D spatial
features, subsequently employing a segmentation head to
delineate affordance regions.

In summary, our contributions are mainly two-fold:

• We introduce a novel task that grounds 3D object affor-
dance based on language instructions, visual observa-
tions, and interactions. And we present AGPIL which
is composed of 30972 point-image-text pairs, cover-
ing 17 affordance categories and 23 object classes. It
has full-view, partial-view, and rotation-view in seen
and unseen settings. To the best of our knowledge,
this is the first multi-modal and multi-view 3D af-
fordance dataset with well-defined probabilistic affor-
dance score annotations.

• We establish a comprehensive benchmark based on
AGPIL for three different views in two settings. And
we propose LMAffordance3D as a baseline, which is
a novel end-to-end multi-modal, language-guided 3D
affordance grounding framework based on VLM. The
results show the effectiveness and better generalization
capabilities of our fusion framework.

2. Related Works
2.1. Vision-Language Models

Due to the remarkable performance of large language
models (LLMs) such as LlaMA [7, 40, 41], Qwen [1] and
GPT [36] in natural language processing tasks, many schol-
ars have extended them to the visual domain, giving rise
to a series of large vision-language models (VLMs), such
as LLaVA [20–22], Qwen-VL [2], GPT-4o [15], and so on.
Leveraging the prior knowledge learned by these large mod-
els, they have been applied in 3D visual grounding task.
LLM-Grounder [46] utilizes an LLM to decompose com-
plex natural language queries into semantic parts and em-
ploys a visual grounding tool to identify objects in a 3D
scene. VLM-Grounder [45] utilizes a VLM based on im-
age sequences and language to achieve zero-shot 3D visual
grounding. Unlike previous work on object-level grounding
tasks, we define our task as utilizing multi-modal data from
point clouds and images to ground 3D object affordances
based on human language instructions, which is a part-level
3D grounding task.

2.2. Affordance Grounding

Affordance grounding is to identify the locations where
interactions are possible, which is important for human-
object interaction. AffordanceLLM [34] uses LLaVA [21]
for 2D visual affordance grounding based and it demon-
strates the importance of 3D information in affordance
grounding. However, it obtains a 2D heatmap of affordance
based on the image and depth map, which is not convenient
to map it to 3D space for human or robot operation. Several
studies have focused on 3D affordance. For instance, 3D
AffordanceNet [5] predicts a 3D heatmap based on point
clouds. And some methods leverage multi-modal data to
predict 3D affordance, such as IAG [47], OpenAD [32],
and LASO [19]. However, IAG relies on the 2D detec-
tion bounding boxes of interactive objects, which limits the
task’s scalability. OpenAD uses simple labels for text in-
put, lacking support for context-rich language instructions.
Moreover, LASO overlooks challenges posed by incom-
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(a) Example of image data.
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(b) Example of point cloud and affordance data. (c) Distribution of instruction data.

Va
se

Micr
ow

av
e
Bott

le
Cloc

k
Fau

cetCha
ir
Tab

le
Kn

ife

Disp
layDoo

r
Bow

l

Sci
sso

rs

Sto
rag

eFu
rni

tur
e

Dish
wash

er Hat

Tra
shC

an Bed

Ea
rph

on
e
Lap

top Mug Bag

Re
frig

era
tor

Ke
yb

oa
rd

Object category

0

1000

2000

3000

4000

5000

N
um

be
r

grasp
contain
lift
open
lay
sit
support
wrapgrasp
pour
move
display
push
listen
wear
press
cut
stab

(d) Distribution of image data.
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(e) Distribution of point cloud data.
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Figure 2. Examples and statistics of the AGPIL dataset. Figures (a) and (b) are examples of images, point clouds, and a certain
affordance that we randomly selected from the dataset. Figure (c) shows a word cloud generated according to the frequency of each word
appearing in the language instructions. Figures (d) and (e) respectively show the distribution of affordances corresponding to different
objects in image and point cloud data. The horizontal axis represents the types of objects, and the vertical axis represents the quantity.
Different colors indicate different affordances. Figure (f) illustrates the distribution of image and point cloud data corresponding to each
affordance. It indicates that images and point clouds are not a one-to-one match, as a single image may correspond to multiple objects.

plete point clouds and object rotations in the real world.
In order to improve the generalization of grounding 3D

affordance of unseen objects, various approaches can be
adopted, such as contrastive learning [43], zero-shot learn-
ing [16], reinforcement learning [31], supervised learning
based on vision-language models [34] and so on. For zero-
shot learning, there are issues such as incorrect HOI prompt
generation and low granularity. And contrastive learning
is sensitive to data augmentation strategies and is limited
by similarity metric of comparing different things. Rein-
forcement learning typically requires a large amount of in-
teraction data, which is time-consuming for training. In this
paper, we use a vision-language model to ground 3D ob-
ject affordance in full-view, partial-view and rotation-view,
which can be easily extended to other new scenarios in the
real world.

3. Dataset

3.1. Collection and Generation

We collect the 3D affordance grounding dataset (AG-
PIL), which contains point clouds, images and language in-
structions. The point clouds are mainly collected from 3D
AffordanceNet [5]. According to the differences in the point

Hand slicing a lemon with a knife on a slate board.

Please describe the interactive 
relationships in the image in one 
phrase, reflecting the actions and 
the object being acted upon.

Figure 3. Language instructions generation. In this example,
the affordance is “cut” and the object category is “knife”.

clouds, the dataset has three parts: full-view, partial-view,
and rotation-view. The term “full-view” indicates that the
data include the point clouds of all the surfaces of an ob-
ject. Both “partial-view” and “rotation-view” signify that
the data include only part of the point clouds of an object’s
surfaces, with the distinction being whether or not there is
rotation. And the rotation of the object along the x, y, and
z axes is random. The images are mainly collected from
AGD20K [28] and PIAD [47]. The image should depict
the interaction between objects and humans, corresponding
to the affordance of the object in the point clouds. Unlike
PIAD, our dataset does not contain 2D bounding boxes of
the interactive subject and object for each image. To im-
prove efficiency, we use GPT-4o [15] combined with an im-
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Figure 4. Method. The structure of the proposed LMAffordance3D model, which consists of four major components: 1) a vision encoder
that processes multi-modal data, including images and point clouds, to encode and fuse the 2D and 3D features; 2) a vision-language model
and its associated component (tokenizer and adapter) that takes in the instruction token, 2D and 3D vision token for fusion; 3) a decoder
that uses 2D and 3D spatial features as query, instructional features as key and semantic feature as value to predict the affordance feature;
4) a head for segmenting and grounding 3D object affordance.

age and a carefully designed prompt to generate each lan-
guage instruction. The prompt is “Please describe the in-
teractive relationships in the image in one phrase, reflecting
the actions and the object being acted upon”. To ensure
accuracy, we carefully score the generated texts based on
consistency, word choice accuracy, semantic completeness
and conciseness, and sentence structure diversity. For texts
with lower scores, we regenerate or manually refine them.
The diagram which illustrates the generation of language
instructions is shown in the Fig. 3.

3.2. Annotation

For the affordance of objects, we use the segmented an-
notations from 3D AffordanceNet [5], which enables part-
level prediction. And we render a 3D heatmap based on
confidence scores with different colors. Each annotation is
a (2048, 17) matrix, where 2048 represents the number of
points in the point cloud, and 17 represents the number of
affordance types. Each element in the matrix indicates the
probability of a point providing a specific affordance, with
a range from 0 to 1. If all elements in a column are 0.0,
it indicates that the object does not have the corresponding
affordance. In our task, we only use the 3D heatmap of a
single type of affordance corresponding to the image and
language instruction in the point cloud annotation for train-
ing. The prediction is a (2048, 1) matrix during inference.
In this way, we can predict different affordances in the point
clouds with different images and language instructions.

3.3. Statistic Analysis

As Tab. 1 shows, we compare the open affordance
dataset with AGPIL. Our total dataset consists of 41,628
point clouds, 30,972 images, and 30,972 language instruc-
tions, encompassing 23 object categories and 17 types of
affordances. Each object has an average of 2.4 functional
parts. In particular, objects in the images and point clouds

are not captured from the same scene and they are paired
based on object categories. Our dataset has two settings:
Seen and Unseen. In the seen dataset, the categories of
objects and affordances in the training and test sets are con-
sistent, while in the unseen dataset, they are inconsistent.
More examples and statistics about the dataset are illus-
trated in Fig. 2.

4. Method

4.1. Overview

In this section, we propose LMAffordance3D, a frame-
work that learns from language instructions, visual observa-
tions and interactions for grounding 3D object affordance.
As illustrated in Fig. 4, LMAffordance3D is composed of
four major components: 1) a vision encoder that processes
multi-modal data, including images and point clouds, to en-
code and fuse the 2D and 3D features, where an RGB image
contains information about the colors, scenes, and interac-
tions between objects, while point clouds contain different
information about the shape, size, and geometry of objects.
2) a vision-language model and its associated components
(tokenizer and adapter) that take in the instruction token, 2D
and 3D vision token for fusion; 3) a decoder that uses 2D
and 3D spatial features as query, instructional features as
key and semantic feature as value to predict the affordance
feature; 4) a head for segmenting and grounding 3D object
affordance. We will introduce the components of LMAffor-
dance3D in Sec. 4.2. And we present the loss function in
Sec. 4.3.

4.2. LMAffordance3D

Vision encoder. In the vision-language community
[17, 18, 20–22, 48], the most common method for vision-
language alignment is to use a pre-trained CLIP [35] model
and project image features into the semantic space. How-
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Setting Metrics Full-view Partial-view Rotation-view

3D A.N. IAG O.AD P.R. Ours 3D A.N. IAG O.AD P.R. Ours 3D A.N. IAG O.AD P.R. Ours

Seen

AUC ↑ 0.8067 0.8485 0.8584 0.8766 0.8895 0.7609 0.8085 0.8145 0.8212 0.8478 0.5954 0.6791 0.7325 0.7564 0.7823
IOU ↑ 0.1341 0.2051 0.1993 0.2002 0.2123 0.1077 0.1454 0.1562 0.1613 0.1755 0.0452 0.0804 0.0911 0.1012 0.1161
SIM ↑ 0.4833 0.5450 0.5866 0.5953 0.6102 0.4785 0.5362 0.5652 0.5796 0.5928 0.3892 0.4359 0.4783 0.4984 0.5191

MAE ↓ 0.1141 0.0980 0.0944 0.0905 0.0816 0.1262 0.1042 0.1006 0.0987 0.0921 0.1648 0.1345 0.1236 0.1302 0.1182

Unseen

AUC ↑ 0.6652 0.7184 0.7375 0.7545 0.7741 0.6419 0.6718 0.7014 0.7211 0.7602 0.5821 0.5994 0.5989 0.6088 0.6303
IOU ↑ 0.0522 0.0795 0.0781 0.0813 0.0903 0.0425 0.0612 0.0671 0.0682 0.0724 0.0277 0.0311 0.0356 0.0379 0.0415
SIM ↑ 0.3012 0.3520 0.3704 0.3849 0.4089 0.3347 0.3568 0.3766 0.3894 0.4144 0.3552 0.3623 0.3622 0.3631 0.3842

MAE ↓ 0.1556 0.1270 0.1193 0.1178 0.0945 0.1601 0.1518 0.1428 0.1262 0.1183 0.1744 0.1709 0.1506 0.1503 0.1398

Table 2. Benchmark. We present the overall results of all comparative methods on different views and settings. “3D A.N.” refers to “3D
AffordanceNet”, “O.AD” refers to “OpenAD”, and “P.R.” refers to “PointRefer”

ever, we need to process images II ∈ RB×3×H×W and
point clouds IP ∈ RB×3×2048 data for fusion in this task.
And the large flops and parameter size of the CLIP mod-
els pose challenges for deployment in robotics. So we de-
sign a multi-modal vision encoder, in which the 2D vi-
sion encoder uses ResNet18 [13] to extract 2D features
F2D ∈ RB×CI×H×W , and the 3D vision encoder uses
PointNet++ [33] to extract 3D features F3D ∈ RB×CP×NP .
Then fusion module uses MLP and self-attention to obtain
multi-modal spatial features FS ∈ RB×NS×CS .

Vision-language model. Vision-language model as the
brain of agent is used for comprehending natural lan-
guage instructions, integrating semantic features and spa-
tial features to obtain affordance features. Specifically, we
choose LLaVA-7B as the backbone networks for the vision-
language model. Given the action instruction, we apply
the tokenizer to convert the instruction into textual feature
FT ∈ RB×NL×CL . We use an adapter, which consists of
two linear layers and an activation layer. It takes spatial
features FS ∈ RB×NS×CS as input and maps them to a
semantic space while making an increase in the channel di-
mension to obtain projected features FSP ∈ RB×NS×CL .
These projected features FSP are then concatenated with
textual features FT as the input of vision-language model.
And the output of vision-language model is its hidden state.

Decoder. In order to fuse all kinds of feature to get the
affordance features, we design a decoder based on cross-
attention. We split the output of vision-language model into
instructional features and semantic features. Then we use
spatial features as the query, instructional features as the
key, and semantic features as the value, and obtain the af-
fordance feature FA ∈ RB×NA×CA with the decoder.

Head. Here we upsample the affordance feature FA for
propagation and use a head composed of two linear layers,
a activation layer, a batch normalization layer and a sigmoid
layer to obtain 3D object affordance O ∈ RB×2048×1.

4.3. Loss Function

We predict the probability that each point cloud belongs
to the corresponding affordance, ranging from 0 to 1. In or-
der to supervise the point-wise 3D heatmap on point clouds,

we use a weighted sum of focal loss [38] and dice loss [29]
as the final loss function:

Loss = ωfLf + ωdLd (1)

where ωf and ωd represent the weight of the focal loss
and dice loss respectively.

5. Experiments
5.1. Benchmark

Metrics. In accordance with PIAD [47], we use four
metrics to build the AGPIL benchmark: AUC [23], aIoU
[37], SIM [39], and MAE [42]. The AUC computes the area
under the ROC curve to assess the significance map on a
3D point cloud heatmap. The aIOU is the average intersec-
tion over union, which is used to evaluate the proximity be-
tween the affordance prediction and the ground truth. SIM
measures the similarity between the predicted map and the
ground truth map. MAE is the mean absolute error between
the predicted probabilities and the ground truth. For AUC,
aIoU, and SIM, higher is better, while for MAE, lower is
better.

Baselines. Since there are no prior works on ground-
ing 3D object affordance based on language, images, and
point clouds, we choose 3D AffordanceNet [33], IAG [47],
OpenAD [32], and PointRefer [19] as baselines. We eval-
uate them in both seen and unseen settings, as well as un-
der different perspectives including full-view, partial-view,
and rotation-view. This allows us to comprehensively un-
derstand the model’s generalization ability and performance
across different object categories and viewpoints.

Training and testing setup. Our model is implemented
using PyTorch and all training and testing experiments are
conducted on a single V100 GPU. We train the model with
the AdamW optimizer [24] and a cosine learning rate sched-
uler [25]. The initial learning rate is 1e-4 and the weight
decay is set to 0.06. We train the models with the first 2000
iteration steps for warm-up [13]. The number of training
epochs is set to 20 and the training batch size is set to 6. The
image 2D vision encoder ResNet18 uses parameters pre-
trained on ImageNet [4], while the point cloud 3D vision
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F Metrics grasp press stab open lay sit cut cont. disp. wrap. supp. push listen wear move lift pour

Se
en

AUC↑ 0.859 0.898 0.997 0.932 0.935 0.957 0.945 0.871 0.907 0.689 0.846 0.801 0.910 0.733 0.776 0.973 0.945
aIOU↑ 0.203 0.136 0.354 0.239 0.294 0.358 0.156 0.199 0.293 0.060 0.111 0.029 0.160 0.052 0.098 0.407 0.232
SIM↑ 0.650 0.401 0.651 0.398 0.693 0.719 0.681 0.567 0.655 0.645 0.716 0.570 0.683 0.564 0.612 0.497 0.597

MAE↓ 0.098 0.059 0.017 0.050 0.086 0.065 0.056 0.089 0.095 0.128 0.097 0.082 0.087 0.138 0.135 0.020 0.075

U
ns

ee
n AUC↑ 0.363 0.854 0.932 0.894 0.788 0.719 0.921 0.866 0.681 0.556 - - - - - - -

aIOU↑ 0.008 0.038 0.053 0.103 0.122 0.109 0.104 0.150 0.047 0.025 - - - - - - -
SIM↑ 0.319 0.304 0.356 0.215 0.427 0.376 0.533 0.522 0.277 0.562 - - - - - - -

MAE↓ 0.205 0.065 0.053 0.058 0.127 0.110 0.059 0.098 0.111 0.134 - - - - - - -
P Metrics grasp press stab open lay sit cut cont. disp. wrap. supp. push listen wear move lift pour

Se
en

AUC↑ 0.818 0.836 0.987 0.863 0.791 0.952 0.909 0.806 0.857 0.647 0.832 0.781 0.858 0.709 0.811 0.963 0.907
aIOU↑ 0.151 0.127 0.377 0.212 0.134 0.313 0.155 0.128 0.264 0.041 0.086 0.029 0.103 0.036 0.095 0.393 0.214
SIM↑ 0.608 0.411 0.522 0.404 0.465 0.702 0.751 0.498 0.602 0.744 0.731 0.549 0.510 0.657 0.622 0.500 0.637

MAE↓ 0.115 0.078 0.035 0.074 0.101 0.058 0.065 0.103 0.117 0.137 0.102 0.110 0.099 0.135 0.119 0.063 0.089

U
ns

ee
n AUC↑ 0.358 0.748 0.939 0.880 0.801 0.742 0.879 0.811 0.577 0.604 - - - - - - -

aIOU↑ 0.004 0.028 0.057 0.100 0.141 0.093 0.047 0.092 0.043 0.043 - - - - - - -
SIM↑ 0.358 0.254 0.429 0.271 0.451 0.362 0.450 0.514 0.232 0.621 - - - - - - -

MAE↓ 0.092 0.106 0.088 0.093 0.126 0.120 0.092 0.116 0.188 0.153 - - - - - - -
R Metrics grasp press stab open lay sit cut cont. disp. wrap. supp. push listen wear move lift pour

Se
en

AUC↑ 0.758 0.726 0.837 0.785 0.820 0.868 0.835 0.683 0.778 0.608 0.752 0.861 0.776 0.586 0.765 0.777 0.829
aIOU↑ 0.125 0.042 0.178 0.108 0.106 0.190 0.102 0.041 0.190 0.032 0.069 0.022 0.097 0.018 0.055 0.246 0.145
SIM↑ 0.594 0.259 0.562 0.294 0.461 0.537 0.650 0.432 0.567 0.706 0.659 0.594 0.543 0.648 0.599 0.466 0.541

MAE↓ 0.116 0.117 0.065 0.106 0.161 0.098 0.103 0.135 0.165 0.138 0.136 0.081 0.103 0.128 0.136 0.057 0.119

U
ns

ee
n AUC↑ 0.788 0.643 0.992 0.565 0.760 0.602 0.925 0.576 0.533 0.583 - - - - - - -

aIOU↑ 0.029 0.024 0.422 0.006 0.110 0.045 0.123 0.027 0.055 0.031 - - - - - - -
SIM↑ 0.589 0.208 0.587 0.168 0.431 0.337 0.628 0.485 0.249 0.656 - - - - - - -

MAE↓ 0.101 0.144 0.028 0.082 0.173 0.175 0.079 0.147 0.233 0.152 - - - - - - -

Table 3. Evaluation metrics for different affordance with LMAffordance3D. We compare on seen and unseen setting in different
views, where F represents full-view, P represents partial-view, and R represents rotation-view. “cont.” refers to “contain”, “disp.” refers to
“display”, “wrap.” refers to “wrapgrasp”, and “supp.” refers to “support”. “-” indicates that there is no corresponding affordance category
in the test set, hence no metrics.

encoder is trained from scratch. The vision-language model
uses llava-v1.6-vicuna-7b, and its parameters are frozen.
During training, automatic mixed precision (AMP) is intro-
duced to accelerate training and reduce memory usage. Fur-
thermore, given that images and point clouds do not need
to be strictly one-to-one paired, we pair images and point
clouds online during training. In one training step, an image
can be paired with two point clouds, effectively augmenting
the training samples. During training, the loss of one image
and all paired point clouds is accumulated, and gradients are
calculated based on the accumulated loss. During inference,
an image is paired with only one point cloud to predict the
result of affordance.

5.2. Results and Analysis

Quantitative results. We build a benchmark based on
the AGPIL dataset, as shown in the Tab. 2. It can be ob-
served that our method outperforms the compared base-
lines, and there is a significant performance improvement
in the unseen setting compared to the seen setting. This im-
provement can be attributed to the extensive world knowl-
edge and prior information in the large language model. In
the same experimental setup, the metrics for the full view
are greater than those for the partial view, which in turn are
greater than those for the rotation view. In the Tab. 3, we

present the evaluation metrics for different affordances us-
ing LMAffordance3D in detail. In the seen setting, both
the training and testing datasets include all affordance cate-
gories. However, in the unseen setting, the training dataset
is limited to seven categories: support, push, listen, wear,
move, lift, and pour. The test dataset, on the other hand,
consists of ten categories: grasp, press, stab, open, lay, sit,
cut, contain, display, and wrapgrasp. The results indicate
that our model demonstrates good generalization perfor-
mance.

Qualitative analysis. As shown in the Fig. 5, we com-
pare the results of affordance prediction using different
methods across various views and settings. When in full
view, the model is able to observe the object from various
angles, maximizing its grasp of the geometric and morpho-
logical information of the object. This setting can provide
the model with the most complete information, allowing
for comprehensive affordance analysis. In partial view, the
model can only observe a partial view of the object, simu-
lating real-world situations where full information about the
object is inaccessible due to occlusion or viewpoint limita-
tions. This experiment tests the model’s robustness when
information is incomplete. In rotation view, the object is
rotated, and only partial views of the object are observed.
It evaluates the model’s robustness in handling object pose
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A hand reaches 
to open the door.

A hand is 
reaching to open 
the microwave.

A hand lifts a 
stylish black and 
red bag.

A person is 
wrapgrasping a 
vase filled with 
tulips in a bright 
kitchen.

A hand grasps the 
earphone with a 
gentle hold.

A person 
precisely cuts 
lace with scissors.

PointRefer

Figure 5. Visualization. We select several examples from the test set under different views and experimental settings, showcasing the
model’s inputs and outputs, and comparing them with the ground truth (GT).

rotations or changes in observer perspective. The figure
clearly shows that our method achieves significantly better
results, confirming the validity of our setting and demon-
strating the superiority of our method.

5.3. Ablation Study

We conduct ablation experiments on the AGPIL dataset
to evaluate the influence of interaction images and language
instructions on the model. The results are shown in Tab. 4.

To assess whether the visual cues from RGB images af-
fect affordance accuracy, we can find that the performance
without image input decreases in both seen and unseen set-
tings, with a significant drop in the unseen setting. This
demonstrates the necessity of interactive image input for
this task.

To explore the impact of different language instructions
on the experiment, we select four different settings:

• Full: We use the content generated by GPT-4o as the
instruction.

• Action & Object: We use an action and an object
name, that is, a verb and a noun as an instruction, such
as “grasp bottle”.

• Action: The instruction includes only an action, for
example, “grasp”.

• None: An empty instruction.
We can observe that full instructions yield a higher perfor-
mance compared to other simpler prompts. This demon-
strates that full instructions contain more knowledge and
information, which are more beneficial for the pre-trained
large language model to understand the intent.

5.4. Generalization to Real World

To evaluate the generalization ability of our model in
the real world, we collect some data from everyday life
for testing. And the language instructions and affordance
categories are unseen to the model, which poses a greater
challenge. As illustrated in the Fig. 6, the inference results
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View Setting Image Instruction AUC↑ aIOU↑ SIM↑ MAE↓

Full-view

Seen

✓ Full 0.8895 0.2123 0.6102 0.0816
✗ Full 0.8827 0.2037 0.6045 0.0881
✓ Action & Object 0.8829 0.2057 0.6058 0.0829
✓ Action 0.8813 0.2046 0.6034 0.0842
✓ None 0.8263 0.1705 0.5394 0.1018

Unseen

✓ Full 0.7741 0.0903 0.4089 0.0945
✗ Full 0.7604 0.0856 0.3990 0.1213
✓ Action & Object 0.7712 0.0783 0.4008 0.0968
✓ Action 0.7667 0.0774 0.3980 0.0997
✓ None 0.6741 0.0371 0.3036 0.1282

Partial-view

Seen

✓ Full 0.8478 0.1755 0.5928 0.0921
✗ Full 0.8383 0.1642 0.5854 0.0972
✓ Action & Object 0.8457 0.1721 0.5882 0.0924
✓ Action 0.8425 0.1706 0.5866 0.0937
✓ None 0.8281 0.1512 0.5702 0.0996

Unseen

✓ Full 0.7602 0.0724 0.4144 0.1183
✗ Full 0.7426 0.0701 0.4022 0.1311
✓ Action & Object 0.7600 0.0692 0.4096 0.1216
✓ Action 0.7587 0.0598 0.4070 0.1198
✓ None 0.6513 0.0475 0.3412 0.1566

Rotation-view

Seen

✓ Full 0.7823 0.1161 0.5191 0.1182
✗ Full 0.7732 0.1063 0.5067 0.1214
✓ Action & Object 0.7742 0.1163 0.5188 0.1238
✓ Action 0.7731 0.1159 0.5155 0.1189
✓ None 0.7052 0.085 0.4657 0.1394

Unseen

✓ Full 0.6303 0.0415 0.3842 0.1398
✗ Full 0.6126 0.0401 0.3709 0.1512
✓ Action & Object 0.6283 0.0413 0.3794 0.1390
✓ Action 0.6277 0.0412 0.3782 0.1403
✓ None 0.5899 0.0369 0.3702 0.1489

Table 4. Ablation Study. We investigate the impact of interaction images and language instructions on model performance relative to the
baseline, with the best results highlighted in bold.

Throw the paper 
into the trash can.

Clean the table
with a towel.

Instruction Interaction Observation Prediction

Figure 6. Real world. We provide two examples in which the
verbs “throw” and “clean” in the language instructions are not in
our dataset and are unseen by the model.

indicate that the model effectively leverages the strengths
of vision-language models. By utilizing the prior world
knowledge learned during the pre-training process and fine-
tuning it on our dataset, the model can be easily transferred
to other new scenarios in real world, achieving a complex
and comprehensive understanding of semantics and spatial
relationships.

6. Conclusion

In this paper, we introduce the task of grounding 3D ob-
ject affordance based on language instructions, visual ob-
servations, and interactions. We present the first 3D af-
fordance dataset combining images, point clouds, and lan-
guage instructions, covering full-view, partial-view, and
rotation-view. And inspired by cognitive science, we pro-
pose LMAffordance3D which leverages a vision-language
framework to fuse 2D, 3D spatial features with semantic
features, achieving part-level affordance estimation. We
conduct experiments in both seen and unseen settings, and
the results demonstrate the effectiveness and better general-
ization capabilities of our approach.

In future work, it will be interesting to explore model
quantization and compression, and deploy them on robots
to achieve real-time inference, combined with planning and
control modules to accomplish tasks such as manipulation
and operation. Moreover, since the objects in our dataset
are all rigid, investigating affordance prediction for flexible
objects is another promising direction for future research.
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