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Abstract

3D Object Affordance Grounding aims to predict the func-
tional regions on a 3D object and lays the foundation for
a wide range of applications in robotics. Recent advances
tackle this problem via learning a mapping between 3D re-
gions and a single human-object interaction image. How-
ever, the geometric structure of the 3D object and the ob-
ject in the human-object interaction image are not always
consistent, leading to poor generalization. To address this is-
sue, we propose to learn generalizable invariant affordance
knowledge from multiple human-object interaction images
within the same affordance category. Specifically, we intro-
duce the Multi-Image Guided Invariant-Feature-Aware 3D
Affordance Grounding (MIFAG) framework. It grounds 3D
object affordance regions by identifying common interaction
patterns across multiple human-object interaction images.
First, the Invariant Affordance Knowledge Extraction Mod-
ule (IAM) utilizes an iterative updating strategy to gradually
extract aligned affordance knowledge from multiple images
and integrate it into an affordance dictionary. Then, the Af-
fordance Dictionary Adaptive Fusion Module (ADM) learns
comprehensive point cloud representations that consider all
affordance candidates in multiple images. In addition, the
Multi-Image and Point Affordance (MIPA) benchmark is
constructed and our method outperforms existing state-of-
the-art methods in various experimental comparisons.

Code — https://github.com/goxq/MIFAG-code

1 Introduction
3D Object Affordance Grounding seeks to identify and pre-
dict functional regions on an object’s 3D point cloud. This
task has laid the foundation for connecting visual perception
with physical operation and paved the way for a wide range
of real-world applications, such as embodied systems (Ahn
et al. 2022; Driess et al. 2023; Wu et al. 2023), object ma-
nipulation (Huang et al. 2024; Li et al. 2024b; Huang et al.
2023; Wu et al. 2021) and object grasping (Dai et al. 2023).

Currently, methods in 3D object affordance prediction can
be divided into two categories. One of them involves utiliz-
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Figure 1: Motivation of Our Method. The reference
human-object images in each row exhibit significant varia-
tions in appearance, yet they consistently represent the same
affordance knowledge. We propose to iteratively extract the
invariant affordance knowledge from multiple images, lead-
ing to improved performance.

ing reinforcement learning, which requires an agent to inter-
act with objects repeatedly in a simulated environment. Such
methods are usually time-consuming, and their generaliza-
tion performance is often restricted by the limited number of
simulation scenes (Mo et al. 2021; Ning et al. 2024; Cheng
et al. 2023). The other category leverages labeled 3D object
affordance data and attempts to learn a mapping between ob-
jects and affordance in an end-to-end manner. This kind of
approach is more direct and has gained more and more pop-
ularity recently. Specifically, 3D AffordanceNet (Deng et al.
2021) first constructs a 3D point cloud affordance ground-
ing benchmark. After that, to accommodate the diversity of
object affordances and incorporate human interaction refer-
ences, many methods have been proposed, either combining
a single image or textual description with the point cloud for
3D affordance prediction (Yang et al. 2023; Li et al. 2024c).

Though pioneer research studies have achieved promis-
ing progress, they are still limited by failing to leverage the
strong correlations and implied invariant affordance knowl-
edge among objects within the same affordance category. As
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shown in Figure 1, the affordance of an object is usually de-
termined by multiple human-object reference images. These
real-world images exhibit significant variations in appear-
ance yet represent the same object and affordance category.
Thus, they share invariant affordance knowledge and strong
internal relationships, providing valuable insights into the
object’s affordance across different contexts. Similarly, pre-
dicting the affordance of an object requires the invariant
knowledge derived from numerous human-object interac-
tion images. However, previous approaches have not fully
addressed these limitations, often either lacking visual in-
formation or simply focusing on mapping 3D regions to a
single human-object interaction image, leading to poor gen-
eralization and suboptimal performance.

Overcoming the aforementioned limitations is non-trivial
due to the following challenges: (1) In real-world scenarios,
objects of the same category often exhibit significant vari-
ations in their interactive regions. Relying solely on textual
descriptions, such as “open the oven”, is insufficient for con-
veying affordance knowledge. For instance, ovens from dif-
ferent brands can vary in size and handle position. Addition-
ally, simply combining multiple images as references may
not yield the expected results due to the considerable diver-
sity in their appearances (e.g., shape, scale, etc.). Therefore,
the first challenge lies in how to effectively utilize multi-
ple images with diverse appearances for affordance guidance
and how to extract the invariant affordance knowledge. (2)
There is a significant gap between the modalities of refer-
ence images and point clouds, presenting another challenge:
how to effectively integrate invariant affordance knowledge
into the point cloud for accurate affordance prediction.

To address the above challenges, we propose the Multi-
Image Guided Invariant-Feature-Aware 3D Affordance
Grounding (MIFAG) framework, which gradually extracts
affordance knowledge from multiple human-object refer-
ence images and effectively integrates this invariant knowl-
edge with point cloud representations to achieve accurate
affordance prediction. Specifically, our proposed MIFAG
consists of two modules: the Invariant Affordance Knowl-
edge Extraction Module (IAM) and the Affordance Dictio-
nary Adaptive Fusion Module (ADM). The IAM progres-
sively extracts invariant affordance knowledge across dif-
ferent images using a multi-layer network, while its dual-
branch structure minimizes interference caused by appear-
ance variations in the images. The output of the last layer
of IAM forms an affordance dictionary that encapsulates all
invariant affordance knowledge from these images. Follow-
ing this, we design the ADM to fuse the extracted invariant
affordance knowledge with point clouds, and use the point
cloud to query each candidate in the affordance dictionary,
thereby obtaining comprehensive point cloud feature repre-
sentations that consider all affordance candidates.

Our main contributions can be summarized as follows:

• We introduce a novel MIFAG framework for 3D ob-
ject affordance grounding, which extracts invariant affor-
dance knowledge from multiple reference images.

• We propose the IAM, which progressively extracts in-
variant affordance knowledge from images while mini-

mizing interference caused by appearance variations. The
ADM is then proposed to leverage this knowledge to ob-
tain comprehensive point cloud features that consider all
affordance candidates.

• We construct the Multi-Image and Point Affordance
(MIPA) benchmark to advance research in understanding
affordances across diverse visual data. Experimental re-
sults demonstrate that our MIFAG outperforms previous
state-of-the-art methods.

2 Related Work

2.1 Affordance Learning

Affordance learning is crucial in robotics, particularly for
manipulating articulated objects (Ning et al. 2024). Conse-
quently, many studies focus on detecting the affordance ar-
eas of target objects or scenes (Luo et al. 2022; Fang et al.
2018). Some works extract affordance knowledge from 2D
data, i.e., images and videos (Luo et al. 2021; Chen et al.
2023; Liu et al. 2024), while others explore affordance using
natural language guidance (Chen, Cong, and Kan 2024; Guo
et al. 2024; Li et al. 2024a; Qian et al. 2024). These methods
aim to predict the affordance regions of 2D targets. How-
ever, robotics tasks often require 3D information, and trans-
ferring affordance knowledge learned from 2D data to 3D
scenarios can lead to failures in real-world applications. As a
result, several 3D affordance-related datasets have been pro-
posed (Geng et al. 2023b; Mo et al. 2019), and some stud-
ies focus on leveraging these 3D datasets to ground object
affordance (Xu et al. 2022a; Delitzas et al. 2024). 3D Affor-
danceNet (Deng et al. 2021) first introduces a benchmark
dataset for grounding affordance regions on object point
clouds. Building on this 3D dataset, IAGNet (Yang et al.
2023) proposes a method for learning 3D affordance from
reference images. However, the significant appearance vari-
ations among reference images and 3D point clouds pose a
challenge. LASO (Li et al. 2024c) deals with this by replac-
ing images with natural language descriptions of the inter-
action area. However, completely discarding the vision in-
formation may overlook distinct affordance area guidance.
Therefore, we propose a method that better aligns visual la-
tent features from multiple images to effectively guide af-
fordance grounding. Where2Explore (Ning et al. 2024) ac-
quires affordance information by explicitly estimating the
geometric similarity across different categories, thereby en-
hancing generalization. GAPartNet (Geng et al. 2023b) in-
troduces cross-category tasks and a dataset to explore the
consistency of generalizable and actionable parts. PartMa-
nip (Geng et al. 2023a) identifies actionable parts to facil-
itate cross-category object manipulation. While these ap-
proaches do not fully capture the category-level consistency
features crucial for affordance grounding, our method im-
proves by explicitly focusing on consistent features across
images and more effectively learning affordance informa-
tion from reference images using dual-branch methods (Yu
et al. 2024a,b).
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Figure 2: Overview of our proposed MIFAG. (a) The IAM utilizes a multi-layer network and a dual-branch structure to
gradually extract invariant affordance knowledge and minimize interference caused by appearance variations in the images. (b)
The ADM leverages the invariant affordance knowledge dictionary derived from (a), using dictionary-based cross attention and
self-weighted attention to comprehensively fuse the affordance knowledge with point cloud representations.

2.2 Image-Point Cloud Cross-Modal Learning
Cross-modal tasks enhance individual modalities by in-
corporating information from one or more other modali-
ties. These additional modalities can serve as conditions to
guide the learning progress, often resulting in a positive im-
pact (Qu et al. 2024). The combination of images and point
clouds is particularly complementary in downstream tasks:
point clouds provide stereospatial information, while images
offer rich color and texture details. To leverage this com-
plementarity, many works focus on aligning each pixel to a
corresponding point to enrich the semantic information of
raw data (Zhuang et al. 2021; Xu et al. 2022b; Tan et al.
2021; Aiello, Valsesia, and Magli 2022; Chen et al. 2022;
Xu, Anguelov, and Jain 2018). Additionally, some methods
aim to learn multi-view fusion with point clouds, seeking
common knowledge and aligning both image-to-image and
image-to-point cloud (Jaritz, Gu, and Su 2019; Zhao, Lu,
and Zhou 2021; Chen et al. 2024). However, unlike these
approaches, which may not fully capture the relationships
between multiple images and often lack sufficient modeling
of consistent image features for effective fusion with point
clouds, our method first establishes consistency between im-
ages and then aligns the invariant image features with the
point cloud, leading to a more robust integration of visual
and spatial information.

3 Method
3.1 Overview
Given a 3D object P = {Pc,Plabel} and its correspond-
ing n reference images {I1, I2, . . . , In}, where Pc ∈ RN×3

represents the point cloud coordinates, Plabel ∈ RN×1 de-
notes the affordance annotation for each coordinate, and
Ii ∈ R3×H×W , i = 1, . . . , n, our goal is to ground the af-
fordance region Ppred ∈ RN×1 on the point cloud using the
invariant affordance knowledge derived from the n images.

As illustrated in Figure 2, our MIFAG framework con-
sists of two modules: the Invariant Affordance Knowledge
Extraction Module (IAM) and the Affordance Dictionary

Adaptive Fusion Module (ADM), which are used to ex-
tract invariant affordance knowledge across multiple im-
ages and fuse this knowledge with point clouds, respec-
tively. Specifically, in the IAM, a multi-layer network is em-
ployed to gradually extract affordance knowledge from im-
ages, while a dual-branch structure is designed to minimize
interference caused by appearance variations in the images.
The output of the last layer of the Affordance Knowledge
Branch forms an Invariant Affordance Knowledge Dictio-
nary that encapsulates the affordance knowledge across all
reference images. Then, in the ADM, we apply dictionary-
based cross-attention and self-weighted attention to fuse the
invariant affordance knowledge with the point clouds, result-
ing in the output Pmix ∈ Rn×N×C . Finally, an affordance
decoder is used to produce the final affordance prediction
Ppred ∈ RN×1.

3.2 Invariant Affordance Knowledge Extraction
Module

The appearances of the object among the reference images
vary significantly, yet they all share a common affordance
category and provide valuable insights into how the object
can be used. Accordingly, we design the IAM to align mul-
tiple images based on their common affordance type and to
gradually extract the invariant affordance knowledge using
a multi-layer network and dual-branch structure.

As illustrated in Figure 2 (a), we first randomly initialize a
series of Learnable Affordance Query Tokens Q, which are
used to represent the learned invariant affordance knowledge
from the reference images. These query tokens are then iter-
atively updated by the multi-layer network using multi-head
cross attention, with the reference image features serving as
the key and value, as formulated below:

Q
(l)
i = MCA(Q

(l−1)
i Wq,F

(l−1)
i Wk,F

(l−1)
i Wv), (1)

where Q(l−1)
i ∈ RM×C and F

(l−1)
i ∈ RD×H×W denote the

affordance queries and reference image features from layer
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(l − 1), respectively. Then, to leverage the inherent consis-
tency among multiple affordance queries, we apply an MLP
layer to align and aggregate all the queries. The aggregated
features are then fed back into the image feature branch
by multi-head cross attention. Additionally, to continually
extract consistent image features, the image feature branch
is also updated iteratively using a multi-head self-attention
layer. This process can be expressed as follows:

Q
(l)
f = MLP(Q

(l)
1 ,Q

(l)
2 , . . . ,Q(l)

n ), (2)

F̄
(l−1)
i = MSA(F

(l−1)
i W), (3)

F
(l)
i = MCA(F̄

(l−1)
i Wq,Q

(l)T
f Wk,Q

(l)
f Wv), (4)

where Q
(l)
f ,Q

(l)
1 , . . . ,Q

(l)
n ∈ RM×C and F̄

(l−1)
i ,F

(l)
i ∈

RD×H×W . At every iterative layer, to enforce the con-
straint that all images share the same affordance category,
we calculate the similarity loss among all image features
F

(l)
1 ,F

(l)
2 , . . . ,F

(l)
n .

In the IAM, the affordance knowledge branch and image
feature branch work in tandem. The learnable affordance
query tokens iteratively interact with the image features,
adding useful affordance information to the image feature
branch. Meanwhile, in the affordance knowledge branch, in-
variant affordance knowledge is gradually aggregated under
the guidance of the image feature branch. This dual-branch
structure minimizes interference from varying image fea-
tures on the affordance knowledge. Finally, the output of the
last iterative layer of the affordance knowledge branch forms
the Invariant Affordance Knowledge Dictionary that encap-
sulates the affordance knowledge from reference images.

3.3 Affordance Dictionary Adaptive Fusion
Module

To leverage the Invariant Affordance Knowledge Dictionary
obtained in Section 3.2, we design the ADM to adaptively
integrate the affordance knowledge into the point cloud rep-
resentations. As illustrated in Figure 2 (b), we first calcu-
late the point-feature weighted query Pq . Next, Pq is fused
through a self-weighted attention layer to obtain the point-
affordance-mixed feature Pmix.

Unlike existing multi-head self-attention, which gener-
ates query, key, and value tokens from the input feature it-
self, our approach utilizes the obtained Invariant Affordance
Knowledge as an extra dictionary to seamlessly guide af-
fordance learning on the point cloud during the training
phase (Zhang et al. 2024). In line with this, we propose the
adaptive Invariant-aware Query Dictionary Cross-Attention
(IQDCA). Initially, we use the point cloud feature Pin to
generate the query QP for cross-attention, while the keys
Kq1 ,Kq2 , . . . ,Kqn and values Vq1 ,Vq2 , . . . ,Vqn are ob-
tained from the Invariant Affordance Knowledge Dictionary
as follows:

QP = PinWq, (5)
KID = [Q1,Q2, . . . ,Qn]Wk, (6)
VID = [Q1,Q2, . . . ,Qn]Wv, (7)

where QP ∈ RN×d,KID,VID ∈ Rn×M×d. We then ap-
ply the cross-attention mechanism to calculate the dictionary
attention matrix A:

A = SoftMax(Simcos(QP ,KID)), (8)

where Simcos denotes the cosine similarity function. The
dictionary attention matrix A ∈ Rn×N×M represents the
similarity between the point cloud and the invariant query
for each individual image. This matrix serves as guidance to
adaptively refine the knowledge in the dictionary. The entire
IQDCA process can be expressed as follows:

IQDCA(QP ,KID,VID) = A ·VID. (9)

The output of the IQDCA is Pq ∈ Rn×N×d, which con-
tains all the weighted invariant queries. Then, we apply a
self-weighted attention layer to discard irrelevant tokens to
obtain the final affordance dictionary-based adaptive fusion
feature Pmix:

Pmix = SWA([Pq1 ,Pq2 , . . . ,Pqn ]). (10)

Next, this adaptively weighted fusion feature is combined
with the original point cloud feature Pin to obtain the final
feature Pout, which is then fed into the affordance decoder
to predict the distribution of the affordance region.

3.4 Decoder and Loss Function
We pool the last layer outputs of the IAM, F1,F2, . . . ,Fn,
to compute the affordance logits ŷ. Additionally, we send
Pout to the decoder fd to ground the 3D affordance Ppred:

Ppred = fd(Pout), (11)

where Ppred ∈ RN×1. The total loss consists of three com-
ponents: LCE , LSim and LHM . LCE represents the cross-
entropy loss between y and ŷ. LSim is the cosine similar-
ity loss calculated at each layer of {F1,F2, . . . ,Fn}, which
aims to align image features while obtaining invariant af-
fordance knowledge. LHM combines focal loss (Lin et al.
2017) with dice loss (Milletari, Navab, and Ahmadi 2016),
and is calculated between Ppred and Plabel, supervising the
point-wise heatmap on point clouds. The total loss is formu-
lated as follows:

Ltotal = λ1LCE + λ2LSim + λ3LHM , (12)

where λ1, λ2, and λ3 are hyperparameters used to balance
the total loss. Further details can be found in the supplemen-
tary materials (Gao et al. 2024).

4 Experiments
4.1 Experimental Settings
Dataset To the best of our knowledge, there is currently
no affordance dataset that satisfactorily tackles challenges
posed by significant variations in appearance of human-
object interaction images. Common datasets lack visual in-
formation or primarily focus on a single object correspond-
ing image, ignoring the invariant affordance knowledge and
internal relationships across different object contexts. To ad-
dress these challenges, we constructed the Multi-Image and
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Metrics PMF MBDF FRCNN ILN PFusion XMF IAGNet LASO MIFAG
S
e
e
n

AUC ↑ 80.46 79.05 80.33 80.48 80.55 80.04 82.95 83.13 85.10
aIOU ↑ 10.04 12.68 10.33 10.18 10.78 9.76 17.92 17.27 20.50
SIM ↑ 0.445 0.476 0.449 0.447 0.449 0.442 0.547 0.540 0.568

MAE ↓ 0.125 0.114 0.124 0.125 0.129 0.129 0.094 0.097 0.091

U
n
s
e
e
n AUC ↑ 69.14 65.21 68.75 69.66 68.10 68.71 69.91 63.89 71.13

aIOU ↑ 3.99 4.65 3.18 4.79 4.46 3.96 5.12 5.18 5.23
SIM ↑ 0.302 0.305 0.299 0.304 0.302 0.301 0.310 0.299 0.315

MAE ↓ 0.152 0.142 0.213 0.164 0.142 0.172 0.144 0.140 0.136

Table 1: Affordance Prediction Metrics on MIPA Benchmark. Comparison of evaluation between the proposed method
MIFAG and baseline methods on MIPA. MIFAG significantly surpasses existing methods and achieves SOTA performance.

Point Affordance (MIPA) Dataset, which comprised paired
multi-images and point clouds. We leverage point clouds
and affordance annotations from 3D AffordanceNet (Deng
et al. 2021), while gathering paired multiple images from
IAGNet (Yang et al. 2023), HICO (Chao et al. 2015) and
AGD20K (Luo et al. 2022). The proposed MIPA dataset
contains 5,162 images and 7,012 point clouds, covering 23
object classes and 17 affordance categories. In addition,
we conducted our training and evaluation under the seen
and unseen settings following previous works (Yang et al.
2023; Li et al. 2024c). The seen setting shares identical
object categories in training and evaluation, whereas the
unseen setting utilizes different splits of categories.

Compared Baselines and Evaluation Metrics The most
relevant works are IAGNet (Yang et al. 2023) and
LASO (Li et al. 2024c), both of which leverage 3D Affor-
danceNet (Deng et al. 2021) to derive the corresponding 3D
shapes. In addition, consistent with IAGNet, we adopt SOTA
image-3D cross-modal methods as baselines for a more
comprehensive evaluation, encompassing PMF (Zhuang
et al. 2021), XMF (Aiello, Valsesia, and Magli 2022), and
ILN (Chen et al. 2022), which concentrate on fusing image
and point features, as well as MBDF (Tan et al. 2021), FR-
CNN (Xu et al. 2022b), and PFusion (Xu, Anguelov, and
Jain 2018) which are predominantly employed for multi-
modal object grounding. We reproduce these methods with
the same feature extractors and settings in the original pa-
pers to ensure a fair comparison. Besides, we enhance
these methods by replacing the single image or text in-
puts with multiple ones, allowing for a more direct com-
parison with our dataset. All the evaluation metrics fol-
low previous works: Area Under the Curve (AUC) (Lobo,
Jiménez-Valverde, and Real 2008), average Intersection
Over Union (aIOU) (Rahman and Wang 2016), SIMilarity
(SIM) (Swain and Ballard 1991) and Mean Absolute Error
(MAE) (Willmott and Matsuura 2005).

Implementation Details Following IAGNet (Yang et al.
2023), we employ PointNet++ (Qi et al. 2017) and ResNet-
18 (He et al. 2016) as the default 3D and 2D backbone,
respectively. We train MIFAG model on a single NVIDIA
A100 GPU with a batch size of 64, using the Adam opti-
mizer with a learning rate of 4e-5. More detailed experiment
settings can be found in the supplementary materials.

4.2 Quantitative Analysis

Table 1 reports the metrics of the proposed method MIFAG
compared with other methods on the MIPA benchmark.
The results demonstrate that the proposed MIFAG achieves
state-of-the-art performance, significantly surpassing exist-
ing methods in 3D point cloud affordance prediction. Specif-
ically, MIFAG achieve scores of 85.10 in AUC and 20.50
in aIOU, outperforming the second-best method, LASO (Li
et al. 2024c), and IAGNet (Yang et al. 2023), with an im-
provement of +1.97 in AUC and +2.58 in aIOU. Notably,
our method also demonstrates impressive affordance capa-
bilities in the unseen setting, outperforming the second-best
method, IAGNet by 1.22 in AUC and LASO by 0.05 in
aIOU. Additionally, 3D segmentation and tracking methods
such as PMF (Zhuang et al. 2021), XMF (Aiello, Valsesia,
and Magli 2022), and MBDF (Tan et al. 2021) perform
significantly worse compared to the affordance grounding
methods.

4.3 Qualitative Results

Visualization of point cloud affordance grounding. Fig-
ure 3 illustrates the point cloud affordance grounding results
of various methods in both seen and unseen settings of
the MIPA dataset. The results demonstrate that our method
achieves more accurate results, outperforming LASO and
IAGNet. For instance, on objects such as the “door” and the
“vase”, LASO and IAGNet suffer from affordance map dis-
persion or omission, whereas our approach can accurately
focus on the interactive regions.

Qualitative Analysis by t-SNE. In Figure 4, we visualize
the distribution of query tokens as they propagate through
the IAM network, demonstrating its effectiveness in extract-
ing invariant affordance knowledge. The affordance query
tokens are randomly initialized at the beginning. As the af-
fordance query tokens are iteratively updated, they gradu-
ally cluster based on affordance type. For instance, features
corresponding to the same “open” operation across different
objects, such as “Door”, “Microwave”, and “Bag”, cluster in
the orange region. This result demonstrates the effectiveness
of our approach by precisely extracting invariant knowledge
across images.
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Figure 3: Affordance Visualization on MIPA dataset. Compared with LASO (Li et al. 2024c) and IAGNet (Yang et al. 2023),
the proposed MIFAG achieves more accurate results in both seen and unseen settings.

IAM ADM AUC ↑ aIOU ↑ SIM ↑ MAE ↓

S
e
e
n

82.97 16.88 0.519 0.107
✓ 84.80 20.28 0.555 0.092

✓ 84.57 17.35 0.536 0.117
✓ ✓ 85.10 20.50 0.568 0.091

U
n
s
e
e
n 65.14 4.62 0.311 0.145

✓ 70.34 4.96 0.312 0.150
✓ 69.91 5.21 0.300 0.141

✓ ✓ 71.13 5.23 0.315 0.136

Table 2: Ablation of IAM and ADM. We investigate the
improvement of IAM and ADM on the model performance
based on the baseline.

4.4 Ablation Study
Effectiveness of IAM and ADM. Table 2 reports the ef-
fect of IAM and ADM in both seen and unseen settings
of the MIPA dataset. Our full model outperforms in all met-
rics, with higher AUC scores of 85.10 and 71.13 compared
the model without ADM (84.80 and 70.34) and IAM (84.57
and 69.91) in the seen and unseen settings, respectively.
Notably, the IAM significantly enhances performance, while
the ADM has a smaller impact due to its reliance on IAM
and feature alignment. Consequently, the best results across
all metrics, for both seen and unseen settings, are achieved
when IAM and ADM are combined, as shown in the last row
of Table 2.

Effect of the image numbers. Table 3 shows the perfor-
mance of MIFAG with the number of image inputs ranging
from 1 to 5. The experimental results indicate a notable per-
formance enhancement in the seen setting with an increasing

Metrics Number of Images

1 2 3 4 5

S
e
e
n

AUC ↑ 83.33 84.15 83.68 83.78 85.47
aIOU ↑ 19.32 20.16 20.08 18.71 20.35
SIM ↑ 0.533 0.550 0.556 0.550 0.559

MAE ↓ 0.093 0.093 0.094 0.094 0.090

U
n
s
e
e
n AUC ↑ 71.05 70.00 70.68 70.63 71.32

aIOU ↑ 4.72 4.15 5.15 4.15 4.49
SIM ↑ 0.314 0.294 0.301 0.318 0.318

MAE ↓ 0.146 0.151 0.158 0.154 0.128

Table 3: Ablation of the image numbers on the MIPA
dataset.

number of image inputs, as evidenced by improvements in
AUC (from 83.33 to 85.47) and aIOU (from 19.32 to 20.35).
Nevertheless, an overabundance of image inputs can lead to
a decline in affordance prediction performance in the un-
seen setting, as reflected in the decrease in aIOU from 4.72
to 4.49. This suggests that a limited number of multi-images
with significant variations may interfere with the alignment
process. In contrast, a sufficient number of images enables
the model to distill generalizable and invariant features, re-
sulting in enhanced performance.

Ablation of iterative layer numbers. Table 4 evaluates
the invariant affordance feature extraction capability of IAM
with different iterative layer numbers. Intuitively, increas-
ing the number of iterative layers can enhance the ability
to extract invariant information. However, the optimal layer
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Figure 4: t-SNE visualization of affordance queries. To-
kens corresponding to the same operation across different
objects cluster in the same region.

settings for the seen and unseen scenarios are four and six,
respectively, achieving the highest AUC (85.10 and 71.13)
and SIM (0.568 and 0.315). This discrepancy results from
a sharp increase in similarity loss as the number of layers
grows, which can cause training instability and performance
degradation.

Metrics Number of Layers

1 2 3 4 5 6

S
e
e
n

AUC ↑ 84.42 84.35 84.56 85.10 83.92 83.37
aIOU ↑ 19.83 20.44 20.70 20.50 19.32 19.56
SIM ↑ 0.556 0.556 0.560 0.568 0.545 0.554

MAE ↓ 0.093 0.093 0.092 0.091 0.099 0.094

U
n
s
e
e
n AUC ↑ 70.60 69.06 70.87 70.30 70.94 71.13

aIOU ↑ 4.70 4.47 4.45 4.72 4.93 5.23
SIM ↑ 0.309 0.313 0.313 0.311 0.309 0.315

MAE ↓ 0.131 0.160 0.164 0.143 0.153 0.136

Table 4: Ablation of iterative layer numbers on the MIPA
dataset.

4.5 Real-World Evaluation
To evaluate the zero-shot generalization ability of our
method in real-world scenarios, we test it on real scenes, as
shown in Figure 5.

Specifically, we use an iPhone 15 Pro equipped with Li-
DAR to scan real-world objects and generate their point
clouds. These point clouds, along with captured human-
object interaction reference images, are then fed into our
trained model to generate affordance predictions on the point
clouds. We conduct the real-world evaluation under two set-
tings: seen and unseen, in a manner consistent with pre-

U
n
se
en

S
ee
n

Figure 5: Real-World Visualization. Left: Original 3D
point clouds scanned by an iPhone 15 Pro. Middle: Ref-
erence images. Right: Affordance prediction results on the
scanned point cloud.

vious experiments. The “bed” and the “chair” are objects
that are present in the dataset, while the “sofa” is not in-
cluded in the training dataset. Notably, objects in both set-
tings are new to our trained model, as their point clouds are
built from scratch by ourselves. The robust visualization re-
sults demonstrate the effective generalization of our method.

5 Conclusion and Limitations
In this work, we propose the Multi-Image Guided Invariant-
Feature-Aware 3D Affordance Grounding (MIFAG) frame-
work. Our approach gradually extracts affordance knowl-
edge from multiple human-object reference images and
effectively integrates this invariant knowledge with point
cloud representations to achieve accurate affordance pre-
diction. Moreover, we construct the Multi-Image and Point
Affordance (MIPA) benchmark to advance research in un-
derstanding the affordances of 3D objects. Extensive exper-
iments are conducted on the MIPA dataset and our method
outperforms previous state-of-the-art methods.

Limitations Despite the demonstrated effectiveness of
MIFAG, it is important to acknowledge certain limitations.
Specifically, the 3D objects in our dataset are still rela-
tively simple compared to real-world scenarios. Moreover,
our work primarily focuses on visual understanding of affor-
dances, without accounting for manipulation, e.g., the size
of the manipulator, the direction of the manipulation action,
etc. In future work, we aim to bring our approach closer to
real-world embodied manipulation. Further discussions and
analysis are provided in the supplementary materials.
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