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Abstract. Affordance grounding aims to localize the interaction regions
for the manipulated objects in the scene image according to given in-
structions, which is essential for Embodied AI and manipulation tasks.
A critical challenge in affordance grounding is that the embodied agent
should understand human instructions and analyze which tools in the
environment can be used, as well as how to use these tools to accom-
plish the instructions. Most recent works primarily supports simple ac-
tion labels as input instructions for localizing affordance regions, failing
to capture complex human objectives. Moreover, these approaches typi-
cally identify affordance regions of only a single object in object-centric
images, ignoring the object context and struggling to localize affordance
regions of multiple objects in complex scenes for practical applications.
To address this concern, for the first time, we introduce a new task of
affordance grounding based on natural language instructions, extending
it from previously using simple labels for complex human instructions.
For this new task, we propose a new framework, WorldAfford. We de-
sign a novel Affordance Reasoning Chain-of-Thought Prompting to rea-
son about affordance knowledge from LLMs more precisely and logically.
Subsequently, we use SAM and CLIP to localize the objects related to the
affordance knowledge in the image. We identify the affordance regions of
the objects through an affordance region localization module. To bench-
mark this new task and validate our framework, an affordance grounding
dataset, LLMaFF, is constructed. We conduct extensive experiments to
verify that WorldAfford performs state-of-the-art on both the previous
AGD20K and the new LLMaFF dataset. In particular, WorldAfford can
localize the affordance regions of multiple objects and provide an alter-
native when objects in the environment cannot fully match the given
instruction. The code will be released after the publication of this work.
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1 Introduction

Embodied agents can interact with a physical environment and potentially per-
form heavy tasks based on human instructions. In order for robots to better
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manipulate objects in complex scenes, it is urgent to understand which part of
the object is the interaction region. Affordance grounding, which aims to local-
ize potential interaction regions for the manipulated objects in the scene image
depending on the given instruction, can provide a new experience for Embodied
AI and has the potential to significantly increase efficiency and flexibility. As a
result, it has recently attracted a significant amount of attention [15,22,32,33,49].

“An artist wants to sketch 
designs on paper. “
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“I'd like to rest on a bed, but 
there isn't one available.”
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Fig. 1: Different from previous works only using naïve action labels for affor-
dance grounding, WorldAfford can derive affordance knowledge from LLMs and
precisely localize the affordance regions corresponding to natural language in-
structions. In this way, our framework can work effectively in complex open-world
environments. The results in the second row are from Cross-view-AG+ [33].

A critical challenge in affordance grounding is instruction comprehension,
which means that the embodied agent should understand the human instructions
and reason about the actions it is going to perform, which emphasizs active
interaction between humans and their environment rather than passive detection.
Furthermore, the agent should analyze which tools in the usage environment
can accomplish the given instructions and localize the interaction regions (i.e.,
affordance regions) on the objects. These challenges are expected to be alleviated
through using large-scale vision-language foundation models. Unfortunately, the
currently available models [8, 24, 27, 42, 50, 54] have not performed satisfactorily
on this particular task.

Most recent works [22,32,33,49] attempt to transfer knowledge from exocen-
tric images of an object in an active state to egocentric images where the ob-
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ject is not being used. They have achieved impressive progress, making dataset
collection easier and learning that the affordance region of an object changes
dynamically depending on the different given instructions. Nevertheless, cur-
rent approaches can only support simple action labels (e.g., “catch” shown
in Fig. 1) as input instructions, which cannot express complex human goals.
Besides, these methods can only identify the affordance region of a single object
in object-centric images, overlook object context, and still fall short in local-
izing the affordance regions of multiple objects in complex scene images for
practical applications in the real world. In this paper, for the first time, we
introduce a new task of affordance grounding based on natural language in-
structions, extending affordance grounding from previously using simple action
labels to complex natural language instructions. This new task moves toward
real-world applications with significant implications on Embodied AI. For this
task, we propose a novel framework, WorldAfford, which integrates the large lan-
guage model (LLM), Segment Anything model (SAM) [21], and CLIP [42]. We
first use the LLM to process the natural language instruction. To reason about
affordance knowledge from the LLM more precisely and logically, we design a
novel Affordance Reasoning Chain-of-Thought Prompting (ARCoT) including
Object-Oriented Reasoning Prompting and Action-Oriented Reasoning Prompt-
ing. Subsequently, we employ SAM and CLIP to segment and select the objects
associated with the actions inferred by the LLM. Moreover, a Weighted Context
Broadcasting module (WCB) is proposed and integrated into the affordance re-
gion localization module. It allows our framework to focus on more informative
objects and to identify affordance regions of multiple objects. To benchmark the
new task and validate our framework, we constructed a new dataset, LLMaFF,
containing 550 test images with natural language instructions and manually la-
beled affordance maps. Experimental results demonstrate that our framework
outperforms the previous methods both on the existing AGD20K [32] dataset
and the new LLMaFF dataset. Our main contributions can be summarized as
follows:

– We introduce a new task of affordance grounding based on natural language
instructions, extending affordance grounding from using simple action labels
to complex natural language instructions.

– We propose a framework for this new task named WorldAfford, which inte-
grates the LLM and other vision models. To reason about affordance knowl-
edge from LLMs, we introduce an Affordance Reasoning Chain-of-Thought
Prompting. In addition, we propose a Weighted Context Broadcasting mod-
ule, allowing WorldAfford to localize affordance regions of multiple objects.

– A new dataset LLMaFF is constructed to benchmark the new task.

– We conduct extensive experiments to validate that our model performs state-
of-the-art on both the AGD20K dataset and our new LLMaFF dataset.
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2 Related Work

Affordance Grounding. Visual affordance grounding has been intensively ex-
plored in the fields of robotics and computer vision [9,15,25,31,34–36,46,47,51–
53]. Traditional approaches [6,10,11,29,39] mainly learn the affordance through
fully supervised learning. Nagaragan et al. [37] learn affordance knowledge by
watching human-object interaction videos. Luo et al. [32] propose a Cross-view-
AG knowledge transfer framework for affordance grounding, in which the af-
fordance knowledge is acquired from exocentric human-object interactions, and
transfer to egocentric images. Li et al. [22] extract object-related information
from exocentric images and match it to the objects to localize the affordance re-
gions. However, such methods use only naive action labels for affordance ground-
ing, which may not meet the requirements of practical applications. In this work,
we use flexible natural language as supervision to guide agents in localizing af-
fordance regions of multiple objects in complex scenes images.

Large language models and Chain-of-Thought. Large language models
(LLMs), with their extensive world knowledge, play a central role in enabling
embodied agents to interpret and execute tasks from human natural language
instructions. While some studies [2, 7, 17, 18]have primarily used LLMs to guide
object grasping with robotic arms, focusing on basic object perception without
considering the fine-grained shapes, functions, or uses of the objects. Our work
differs by using LLMs and the affordance reasoning Chain-of-Thought (ARCoT)
method to interpret open-world human instructions and reason about a wide
range of objects in the environment. Recent studies [12,26,48,50] find that CoT
can dramatically improve the performance of LLMs, particularly when dealing
with complex tasks involving reasoning, demonstrate that CoT significantly im-
proves the performance of LLMs in complex reasoning tasks. To the best of our
knowledge, we are the first to explore CoT for affordance grounding.

Vision Foundation Model for Affordance Grouding Vision language mod-
els have shown promising results in robotics applications [16,20]. Some works [40,
45] use vision-language models for affordance detection in 3D point clouds. They
focus on the different affordances of individual objects, do not include human
instructions, cannot generalize to unseen objects, and require extensive man-
ual annotation. Li et al. [23] propose a vision-language framework to address
the problem of one-shot affordance learning. Ren et al. [43] combines Ground-
ingDINO [28] and SAM to segment objects in image based on object names.
Luddecke et al. [30] design CLIPSeg using the CLIP as a backbone, expanded
with a Transformer-based decoder, to enable segmentation based on image or
text inputs. In contrast to the above work, we use CLIP for semantic under-
standing and SAM for spatial understanding to select objects related to language
instruction. This combination allows for the accurate identification of objects as
dictated by textual input.

Affordance Grounding Dataset Affordance grounding [5,11,22,32–34,37] has
traditionally focused on datasets such as AGD20K [32] and OPRA [11] mainly for
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single actionable object scenarios. Recently, Hadjivelichkov et al. [14] introduce
the UMD-i dataset, which focuses on single objects and uses pixel-level labels for
training, mainly for one-shot affordance learning. Nguyen et al. [38] propose the
IIT-AFF dataset, which assigns affordance labels to each pixel in its images, lacks
semantic information about affordance and uses only image inputs for supervised
learning. To address these limitations, we present the LLMaFF dataset, which
contains scenes with multiple objects and complex language instructions.

3 Task Definition and LLMaFF Dataset

Given an image I and a natural language instruction t, affordance grounding
based on natural language instructions aims to localize the interaction regions
of objects in the scene image and the instruction can be completed through
these interactions. Compared to the setting in previous works [14, 22, 32, 33],
affordance grounding based on natural language instructions is more oriented
towards practical applications in the real world since there is no restriction on
the number of objects in the image and complexity of the input instructions.

To facilitate and benchmark this new task, we construct a new dataset, LL-
MaFF, consisting of 550 complex environmental images with natural language
instructions and manually labelled affordance maps. The data collection pipeline
is shown in Fig. 2. Annotators need to collect real-world images, create instruc-
tions that express the purpose of interacting with objects in the environment,
and annotate ground truth (GT) based on these instructions. The source im-
ages of our dataset are primarily sampled from IIT-AFF [38]. Due to the limited
object categories of IIT-AFF, we augment the dataset with the images sampled
from Ego4D [13] and the Internet. AGD20K [32] annotates the affordance re-

My brother needs a tool for 
installing hardwood floors.

revise

1. Annotators need to collect 
real-world images that include 
objects with which humans can 
actively interact, to illustrate 
the theme of affordance.

2. After viewing the real-world 
images, annotators create 
instructions that express the 
purpose of interacting with 
objects in the environment. 
These expressions can be 
abstract or specific.

3. Annotators mark dense points 
of affordance on objects in the 
environment in Labelme, based on 
human instructions that help 
complete these instructions, and 
generate a JSON file.

4. Run the annotation program to pr
ocess the JSON file. First, add the an
notation points to the correspondin
g positions in the mask, then apply 
Gaussian blur to the mask using cv2.
GaussianBlur, normalize the blurred 
mask, and save it.

5. Visualize the area using a jet color 
map, then compare it with instructi
ons to check the results. In most cas
es, you'll need to return to step thre
e for modifications.

Final dataset

Fig. 2: Data Collection Pipeline for our WorldAfford benchmark.

gions with sparse points and applies a Gaussian kernel to generate ground truth.
In contrast, we employ dense points to annotate the affordance map of multiple
objects based on the language instructions, which requires careful identification
of the objects and their interactions. We find that the density and distribution of
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Fig. 3: Statistics of objects and instructions in WorldAfford. (a) Distribution of
objects by affordance type. (b) Distribution of language instructions

the points have a significant impact on the labelling results, thus ensuring a uni-
form distribution of annotation points across multiple objects is crucial to avoid
certain regions in the affordance map appearing blank or with faint heat. Based
on the affordances of objects in the environment, we categorized them into eight
types: handheld objects(1837), operable objects(2474), situable objects(1341),
containable objects(1660), supportive objects(2314), decorative objects(2179),
and informative objects(1457). We also conducted a statistical analysis of the
length of human language instructions in the dataset, as shown in Fig. 3. We
demonstrate some examples from the LLMaFF dataset in Fig. 4.

After her long hours 
at the office, she 
yearns for the 
comfort of a soft 
chair.

Could you hand me the 
coffee cup? It's time 
for my caffeine fix.

A man wants an apple, 
and he wants to slice it 
into pieces to share 
with his family.

He needs an apple to 
satisfy his craving.

A chef needs a pot to 
prepare dinner for his 
family.
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T
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e
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Fig. 4: Examples from the LLMaFF dataset. The first row presents the images
from diverse environments. The second row shows the ground-truth affordance
maps, and the third row shows the corresponding natural language instructions.
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Fig. 5: Framework of WorldAfford. We first derive affordance knowledge from
LLMs with the proposed affordance reasoning chain-of-thought. Subsequently,
we utilize SAM and CLIP for zero-shot object grounding. Moreover, we design
a WCB module and integrate it into the affordance region localization module
to localize the affordance regions of multiple objects.

4 WorldAfford Framework

We propose WorldAfford as a general framework for affordance grounding incor-
porating complex instruction understanding and multi-object affordance local-
ization at a very low training cost. We first use the LLM [1] to analyze the given
instruction and derive affordance knowledge through the affordance reasoning
chain-of-thought prompting. Subsequently, we utilize SAM [21] and CLIP [42]
to implement zero-shot multi-object grounding, segmenting and selecting the
objects associated with the sub-actions provided by the LLM. Furthermore, we
design a Weighted Context Broadcasting (WCB) and integrate it into the affor-
dance region localization module to localize the affordance regions of multiple
objects. The overall framework of WorldAfford is illustrated in Fig. 5.

4.1 Affordance Reasoning Chain-of-Thought Prompting

When humans receive an instruction, they initially consider which tools (objects)
might facilitate the task and decompose the complex instruction into a series
of simpler actions for execution. In this paper, we prompt the LLM to mimic
this aspect of human cognitive processing, and reason about relevant affordance
information using the extensive world knowledge learned from large-scale data.

Rather than relying on direct inference, our approach employs a straight-
forward and effective chain-of-thought prompting to enhance the capabilities of
LLMs in affordance reasoning. The proposed chain-of-thought prompting con-
sists of two primary strategies: (1) object-oriented reasoning prompting,
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and (2) action-oriented reasoning prompting. It enables the LLM to de-
rive crucial object and action information from natural language instructions.
Furthermore, our method allows the LLM to identify alternative tools when the
optimal one is not available, demonstrating its adaptability to various scenarios.

Object-Oriented Reasoning Prompting. We first utilize the LLM to reason
about the possible objects that can afford the given instruction. Considering
that multiple objects are likely to be necessary for completing the instruction,
the LLM is requested to output a set of object categories O:

O = LLM(k, t, pobj), (1)

where k indicates the size of the object set and t denotes the given natural lan-
guage instruction. The prompt pobj for object-oriented reasoning is specifically
designed as follows:
Prompt: What are the [#k] most common objects that can be used if [#t]?
Output: Chair..., Hammock..., Blanket and Pillows...

The object-oriented reasoning prompts the LLM to provide diverse objects
suitable for an action. Moreover, it associates alternative tools in case the best
tool does not exist in the environment, which facilitates the accomplishment
of the instruction. These inferred object categories from the LLM are further
utilized for subsequent action-oriented reasoning.

We designed a filter function based on the large model’s output about object
descriptions to filter out excessive explanatory text, which sometimes includes
irrelevant objects, hindering the subsequent object search.

What are the [k] most common objects that can be used 
if [Instruction]?

Chair…, Hammock…, Blanket and Pillows…

Select skills from [lp] to interact with [Chair, 
Hammock,Blanket and Pillows] if [Instruction]?

sit on the chair. .., lie on the hammock…,  hold the 
blanket and pillows……

Instruction: I’d like to rest on a bed, but there isn’t one available.

Fig. 6: The affordance reasoning
Chain-of-Thought prompting.

Action-Oriented Reasoning Prompt-
ing. Different from previous work on lo-
cating the affordance for single action la-
bels, to address the complex natural lan-
guage instructions, we utilize the powerful
prior knowledge of the LLM to decompose
a complex instruction into several simple
sub-actions. Given a pre-defined predicate
list, we prompt the LLM to select the ap-
propriate predicates from it and assign
these predicates to the objects in the ob-
ject set O. A set of sub-actions A is gen-
erated as follows:

A = LLM(O, lp, t, pact), (2)

where lp indicates the pre-defined predicate list and t denotes the given instruc-
tion. Each sub-action consists of a predicate and an object. The prompt pact for
action-oriented reasoning is specifically designed as follows:
Prompt: Select skills from [#lp] to interact with the above [#O] to help me if [#t]?
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Output: sit on the chair..., lie on the hammock..., hold the blanket and pillows...

The inferred sub-actions from the LLM are further utilized as the input of
the following affordance region localization module.

We use the LLM to extract object-level knowledge and aggregate action-level
knowledge. In the inference process of the LLM, irrelevant information in the
natural language instruction is ignored and the highly abstract instruction is
transformed into a series of executable sub-actions. The powerful reasoning abil-
ity and adaptive results of the affordance reasoning chain-of-thought facilitate
the subsequent zero-shot object grounding and the affordance region localization.

4.2 Zero-shot Multiple Object Grounding

To integrate the affordance knowledge provided by the LLM with visual informa-
tion about the environment, our approach leverages the capabilities of Segment
Anything Model (SAM) [21] and CLIP [42] to effectively ground the relevant
objects in the scene image according to the given natural language instruction.
The impressive zero-shot performance of SAM and CLIP enables our framework
to precisely localize objects across the open world without the need for extensive
and expensive training on large-scale datasets.

Initially, SAM produces N segmentation masks for the input image. These
masks, while precisely segmented, lack semantic labels and unavoidably contain
irrelevant objects. In order to obtain the object masks that are relevant to the
given instruction, CLIP is integrated to compute the similarity between the
visual appearance of the masks and the object categories provided by the LLM.
We extract the corresponding regions from the original image I based on the
segmentation masks. Subsequently, the cropped regions m are encoded by the
CLIP image encoder Eimage while the textual object categories o are encoded
by the CLIP text encoder Etext. The probability p of the mask being classified
as the i-th object category can be formulated as:

p =
exp(sim(Eimage(m),Etext(oi))/α)∑

oi∈O exp(sim(Eimage(m),Etext(oi))/α)
, (3)

where sim(, ) denotes the cosine similarity function and O indicates the set of
object categories from the LLM. The scaling factor α is set to 0.1 in practice. We
establish a boundary to determine whether the masks from SAM are valid. The
masks with probability p above the boundary are identified as valid masks. With
these active masks, we construct a full-view segmentation mask in which the
region covered by the valid masks is viewed as foreground, while the remaining
area is considered as background. This full-view mask is the same size as the
input image and is further used for affordance region localization.

4.3 Affordance Region Localization

To localize the affordance region of the objects in the image corresponding to the
given instruction, we employ LOCATE [22] and enhance the grounding perfor-
mance through two crucial improvements: (1) We use the full-view mask result-
ing from zero-shot multi-object grounding to preserve the foreground and mask
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off the background as the input, rather than the entire image. (2) We propose
a weighted context broadcasting (WCB) module, seamlessly integrating it into
DINO-ViT [4] to enable the model to prioritize informative objects. With these
improvements, our approach outperforms the original LOCATE and can localize
multiple affordance regions with the knowledge provided by the LLM.

We utilize the full-view mask from zero-shot multi-object grounding to mask
off the irrelevant objects in the image. The relevant objects are preserved and
the image is forwarded into DINO-ViT to extract deep part-aware features.
Different from LOCATE, we design a Weighted Context Broadcasting (WCB)
module inspired by Context Broadcasting [19] and incorporate it into DINO-
ViT as demonstrated in Fig. 5. Given a sequence of N patch tokens, the WCB
module combines the average context tokens with the input tokens in a weighted
manner as follows:

WCB(xi) = xi ∗ β +
1

N

N∑
j=1

xj ∗ (1− β), (4)

where the weight β is an empirically determined hyperparameter. In order to
improve the model’s capability to perceive multiple objects, it is expected that
the attention maps in the self-attention modules of DINO-ViT are dense rather
than sparse. It has been discussed in [19] that aggregating the average context
token can facilitate the self-attention modules to learn dense attention maps.
However, such simple aggregation makes training difficult since the target at-
tention is unknown and uncertain. To solve this issue, we introduce a weight
to balance the aggregation. With the proposed WCB, the target attention is
easier to learn and the model can focus on more informative objects. The exper-
iment in Sec. 5.3 also demonstrates that our approach outperforms the previous
works [33] in terms of affordance grounding for objects.

The feature maps generated by DINO-ViT are further refined by a transfor-
mation layer including a feed-forward layer and two subsequent convolutional
layers. We follow the training strategy of LOCATE [22] to transfer affordance
knowledge from exocentric images to egocentric images. To predict the affor-
dance maps, a convolutional layer with a window size of 1 × 1 is utilized to
project the channel number to the total number of the action categories in the
pre-defined predicate list lp. We aggregate the affordance maps corresponding
to the action categories provided by the LLM and normalized them to limit the
activation values in the map between 0 and 1 as the final output.

5 Experiments

5.1 Datasets and Evaluation Metrics

We conduct experiments on the AGD20K [32] dataset and our proposed LLMaFF
dataset. AGD20K dataset stands out as the only large-scale dataset containing
20,061 demonstration images and 6,060 object images for training. We select
the test set of 1,675 images to assess the performance of our method in the
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Table 1: Comparison of WorldAfford with other state-of-the-art affordance
grounding methods on AGD20K. The best numbers are highlighted in bold.

Approach Input Instruction KLD↓ SIM↑ NSS↑

Hotspots [37] Action Label 1.773 0.278 0.615
Cross-view-AG [32] Action Label 1.538 0.334 0.927

Affcorr [14] Action Label 1.407 0.359 1.026
LOCATE [22] Action Label 1.226 0.401 1.177

Cross-view-AG+ [33] Action Label 1.213 0.403 1.242
WorldAfford(ours) Action Label 1.201 0.406 1.255

Table 2: Comparison on LLMaFF dataset. We manually select labels for the
other methods to comparison with them. WorldAfford outperforms all previous
methods across all evaluation metrics. The best results are highlighted in bold..

Approach Input Instruction KLD↓ SIM↑ NSS↑

Cross-view-AG+ [33] Action Label 2.927 0.123 -0.194
Cross-view-AG [32] Action Label 2.887 0.119 0.118

LOCATE [22] Action Label 1.958 0.212 1.713
WorldAfford(ours) Natural Language 1.163 0.386 2.819

task of affordance grounding guided by a single action label. LLMaFF dataset
includes 550 complex environment images with natural language instructions and
affordance maps. We conduct experiments on the LLMaFF dataset to evaluate
the performance of our method in the task of affordance grounding based on
natural language instructions. We use KLD [3], SIM [44], and NSS [41] as metrics
to measure the correspondence between the predicted affordance map and the
ground truth. Specifically, KLD quantifies the divergence between the predicted
affordance maps and the distribution of ground truth images, SIM assesses the
similarity between the affordance maps and the ground truth, and NSS measures
the agreement between the prediction and the ground truth.

Training strategy and comparison fairness Only the affordance region lo-
calization module requires training, while other modules are frozen. The training
is only performed on AGD20K with the same settings as the baselines at a low
trainging cost. Overall, we keep the comparison as fair as possible.

5.2 Implementation Details.

We use GPT-4 [1] as the large language model, while both the CLIP [42] and
the Segment Anything Model (SAM) [21] implement object matching and seg-
mentation in a zero-shot fashion. The affordance information is extracted from
the output of the large language model by removing most of the irrelevant text
to allow the CLIP to more accurately localize the position of objects. The affor-
dance region localization module is trained on a RTX 3090 GPU. We load the
pre-trained DINO-ViT [4] model and finetune it to extract deep features from
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Fig. 7: Visual comparison on the AGD20K dataset. Compared to previous meth-
ods, our method can infer more precise affordance maps.

images. We set the weight β to 0.88, and the number k in Eq. (1) is set to 3. We
use a learning rate of 0.005, a decay factor of 5e-4, a batch size of 16, and train
the affordance region localization module for 35 epochs.

5.3 Quantitative results

For comparison with the previous affordance grounding approaches, we first
validate our framework on the AGD20K dataset. AGD20K is widely used in
the affordance grounding approaches [22, 32, 33], which employ a simple action
label to localize the affordance regions of a single object in the object-centric
images. Since WorldAfford uses natural language instructions as the input, a
direct comparison is difficult to achieve. To solve this problem, we only use action
labels as input to the affordance region localization module and compare it to
these approaches. The results in Tab. 1 show that even in this simplified setting,
our approach still outperforms the previous methods. WorldAfford establishes
a new state-of-the-art performance in affordance grounding. It shows that our
weighted context broadcasting module facilitate the framework to focus more on
object-oriented information, effectively identifying the affordance regions.
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They want to quickly nail 
the fence panels 
together.

He examines the grip of 
his racket, making sure 
it feels comfortable in 
his hand.

My brother needs a tool 
that can withstand daily 
use for framing houses 
and nailing down 
hardwood floors.

A fitness coach is 
working out at the gym, 
and he needs to record 
and analyze his training 
data.

My car's engine is 
broken, and I want to 
get it repaired.

She need a pot to 
prepare dinner for her 
family.

Cross-view-AG+ Cross-view-AG LOCATE WorldAffordInput Image

Fig. 8: Visual comparison on the LLMaFF dataset. We manually assign labels
to other methods since they cannot adopt the textual input. The labels, "swing",
"carry", "catch", "pick up", "catch", and "carry" correspond to the first through
sixth rows respectively. The previous approaches cannot predict the affordance
regions based on the textual instructions, whereas our method successfully iden-
tifies the affordance regions corresponding to natural language instructions and
performs outstandingly in the complex environments.

We further conduct the experiments on the new LLMaFF dataset to evalu-
ate the performance of our method on the new task. Since the previous meth-
ods [22,32,33] cannot directly adopt the textual instruction as input, we manually
select the appropriate action labels for comparison. The results shown in Tab. 2
demonstrate that our method can effectively localize the affordance regions of
the objects in the complex scene images. While Cross-view-AG+ [33] achieves
outstanding results on AGD20K, its performance on the LLMaFF dataset is less
impressive. This indicates a decrease in its ability to accurately localize the affor-
dance regions, as shown by its negative score (-0.194) on the NSS indicator. There
are two explanations for the difference in the performance of Cross-view-AG+
between the two datasets: 1) The complexity of the new task, with numerous po-
tential disruptions, presents a major challenge. 2) Cross-view-AG+ likely overfit
the AGD20K dataset. The results in Tab. 2 show a significant decrease in the
performance of Cross-view-AG [32] and LOCATE [22], which also demonstrate
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that previous methods cannot localize the affordance regions of objects in the
complex scene images.

5.4 Qualitative results

We show the qualitative comparisons on AGD20K in Fig. 7. The affordance
regions identified by Cross-view-AG tend to be too large, sometimes including
irrelevant regions. In contrast, LOCATE prefers to predict smaller regions but
often fails to capture the full affordance region of objects. Cross-view-AG+ is
able to identify the regions associated with the action label but not accurately.
In contrast, out framework, WorldAfford, achieves the new state-of-the-art per-
formance in this simple setting, providing a sharper and more accurate results. It
demonstrates that the weighted context broadcasting module (WCB) allows the
framework to focus more on informative objects, thus capturing more knowledge
of objects and localizing more accurately.

The results on the LLMaFF dataset are shown in Fig. 8. We find that Cross-
view-AG+ fails to identify affordance regions of multiple objects in the images,
resulting in disordered color distribution, and thus cannot provide effective vi-
sual information to the agent. Cross-view-AG also shows some failure cases. It
can capture information about objects in the image. However, we observe that
the information tends to be biased towards objects with larger sample sizes in
the training dataset. The results demonstrate the lack of comprehensive under-
standing of the objects in the image. LOCATE can capture the affordance of a
few objects. However, it often activates the affordance regions of some irrelevant
objects, and may interpret several objects as a single entity. In comparison, our
method can predict the affordance maps that are more consistent with natural
language instructions, more accurate, and is capable of localizing the affordance
regions of multiple objects, thus providing richer visual information.

Results on complex language instructions We explore the challenge of af-
fordance grounding based on complex language instructions that previous meth-
ods [33] cannot understand, as illustrated in Fig. 9. Unlike simple ones, these
instructions require a deeper understanding of human knowledge, demonstrating
the superior flexibility and creativity of our method. WorldAfford successfully
identifies intricate affordance regions, and can highlight the complementarity of
object interactions, such as using a knife and an apple together for slicing, which
provides the embodied agent with detailed visual information that enhances its
ability to follow complex instructions involving multiple sub-tasks. Our explo-
ration of building a chair from wooden planks and nails illustrates how our
method systematically identifies and activates the necessary affordance regions
for sawing, measuring, and assembling, providing a comprehensive solution to
multi-step tasks. This advance in affordance grounding may open new avenues
for robotics and AI applications, significantly enriching the interaction between
agents and their environment.
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A man wants an apple and plans to 
slice it into pieces.

A carpenter wants to use wooden planks 
and nails to create a chair.

He might need  to carry a saw to cut them. And 
pick up the ruler to measure the length, width, 
and height of the chair parts, and then hit with 
hammer to drive the nails into the woolden
planks and secure them together.

He should first pick up the apple itself, a
nd then use a sharp knife to cut the apple 
into pieces. And then cut the apple on a c
utting board and prevent any injurey whi
le minimizing mess.

LLMs

type multi-objects complementary affordance. multi-objects  sequential affordance.

Resuls on complex language instructions

Fig. 9: Affordance results based on difficult language instructions. While previ-
ous methods struggle to infer from difficult language instructions, our method
demonstrates the capability to comprehend such instructions and accurately
identify the affordance regions of multiple objects.

Table 3: Generalization ability comparison of WorldAfford with other state-of-
the-art affordance grounding methods on AGD20K.

Approach Input Instruction KLD↓ SIM↑ NSS↑

Hotspots [37] Action Label 1.994 0.237 0.577
Cross-view-AG [32] Action Label 1.787 0.285 0.829

Affcorr [14] Action Label 1.618 0.348 1.021
LOCATE [22] Action Label 1.405 0.372 1.157

WorldAfford(ours) Action Label 1.393 0.38 1.225

5.5 Generalization ability and learnable parameters

To evaluate the generalization ability of our method, we add the results of
the unseen test on AGD20K, which is shown in Tab. 3. Additionally, all LL-
MaFF images, including various scenes and many object categories such as
nail gun, smartwatch and so on, are unseen in training, which also demon-
strates the the superior generalization ability of our method. We use the the
knowledge of foundation models, the training cost is very low, and the com-
parison of learnable parameters: 120.03M(Cross-view-AG)/82.27M (Cross-view-
AG+)/6.5M (LOCATE)/6.5M (WorldAfford).

5.6 Ablation Study

We conduct the ablative experiments on the LLMaFF dataset to validate the
effectiveness of the affordance reasoning chain-of thought prompting(ARCoT).
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The results shown in Tab. 4 demonstrate that the object information and the
action information derived from the LLM via our affordance reasoning chain-of-
thought prompting (ARCoT) can both improve the performance for the task of
affordance grounding based on language instructions. We also validate that the
proposed WCB module can enhance the perception of affordance regions by en-
abling the model to focus on more informative objects. Overall, our contributions
significantly improve the affordance grounding capabilities of the model and es-
tablish a new state-of-the-art performance in the affordance grounding based
on natural language instructions task. To verify our adjustments for masking
off irrelevant objects, we conduct experiments on LLMaFF, the results is shown
in Tab. 5.

Table 4: Ablation results of the proposed modules. LMA denotes the action
information associated with the manipulated objects inferred from the LLM.
WCB indicates the weighted context broadcasting module. LMO represents the
object information inferred from the LLM.

LMA WCB LMO KLD↓ SIM↑ NSS↑

3.073 0.105 -0.059
✓ 2.729 0.114 0.428

✓ 2.768 0.124 0.303
✓ ✓ 2.335 0.155 0.981

✓ ✓ 2.336 0.180 1.081
✓ ✓ 1.700 0.256 2.325
✓ ✓ ✓ 1.163 0.386 2.819

Table 5: The results of using entire images as input and masking off irrelevant
objects on LLMaFF.

Input KLD↓ SIM↑ NSS↑

entire image 2.752 0.134 0.27
mask off 1.163 0.386 2.819

6 Conclusion

In this paper, we introduce a new task of affordance grounding based on natural
language instructions and propose a novel framework, WorldAfford. Our frame-
work uses LLMs to process natural language instructions and employs SAM and
CLIP for object segmentation and selection. We further propose a Weighted
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Context Broadcasting module, allowing WorldAfford to localize affordance re-
gions of multiple objects. Additionally, we present a new dataset, LLMaFF, to
benchmark this task. The experimental results demonstrate that WorldAfford
outperforms the other state-of-the-art methods for affordance grounding on both
the AGD20K dataset and the new LLMaFF dataset.
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