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Abstract

Cluttered garments manipulation poses significant chal-

lenges due to the complex, deformable nature of garments

and intricate garment relations. Unlike single-garment ma-

nipulation, cluttered scenarios require managing complex

garment entanglements and interactions, while maintaining

garment cleanliness and manipulation stability. To address

these demands, we propose to learn point-level affordance,

the dense representation modeling the complex space and

multi-modal manipulation candidates, while being aware of

garment geometry, structure, and inter-object relations. Ad-

ditionally, as it is difficult to directly retrieve a garment in

some extremely entangled clutters, we introduce an adap-

tation module, guided by learned affordance, to reorganize

highly-entangled garments into states plausible for manipu-

lation. Our framework demonstrates effectiveness over en-

vironments featuring diverse garment types and pile con-

figurations in both simulation and the real world. Project

page: https://garmentpile.github.io/.

1. Introduction

Garments, such as shirts, dresses, and socks, are essen-

tial in daily life and pose significant challenges for human-

assistive robots. Interacting with various types of garments

to perform everyday tasks is crucial yet complex. The

complexity of garments comes from their high-dimensional

state spaces, intricate kinematics, dynamics and diverse cat-

egories. Most studies focus on single-garment manipula-

tion, such as unfolding [14], folding [1, 49], hanging [46],

and dressing up [42]. However, many real-life scenarios in-

volve multiple cluttered garments, such as arranging clothes

on a bed or retrieving items from a washing machine. In

these cases, it is crucial to maintain cleanliness and avoid

disturbing adjacent garments (failure cases in Figure 1).

Manipulating cluttered garments presents greater chal-

lenges than single-garment or cluttered rigid object manip-

ulation. The more complex states in the clutters and the

complicated interrelations between garments make it dif-

ficult to distinguish between different garments and infer
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Figure 1. Point-Level Affordance for Cluttered Garments. A

higher score denotes the higher actionability for downstream re-

trieval. Row 1: per-point affordance simultaneously reveals 2 gar-

ments suitable for retrieval. Row 2: it is aware of garment struc-

tures (grasping edges leads other parts contacting floor) and re-

lations (retrieving one garment while dragging nearby entangled

garments out), and thus avoids manipulating on points leading to

such failures. Row 3 and 4: highly tangled garments may not have

plausible manipulation points, affordance can guide reorganizing

the scene, and thus garments plausible for manipulation will exist.

their relations. Moreover, garment piles often involve mul-

tiple plausible retrieval garments (Figure 1, row 1), further

increasing the demands on the multi-modal representation

capability of the learned manipulation policy.

Point-level affordance, derived from 3D point cloud in-

put and representing the per-point actionability on the ob-
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ject for downstream tasks, is a suitable representation for

cluttered garments manipulation. First, the per-point space

supports representing complex states of cluttered scenes.

Also, the per-point score can easily represent the multi-

modal policy outputs (Figure 1, row 1). Most importantly,

the feature of each point is extracted from local to global,

capable of representing the garment local geometry infor-

mation for grasping and retrieval, the structural information

of each garment, and garment relation indicating whether

the action would disturb other garments (Figure 1, row

2). For unseen garment clutters, which easily exist as gar-

ments have nearly infinite deformations and combinations,

the above extracted information (garment geometry, struc-

ture and relations) is consistent across scenes, making the

representation easily generalize to novel scenarios.

However, affordance alone is not a universal solution. In

extreme cases, such as highly tangled garments, the over-

all affordance is significantly reduced, meaning there may

not exist manipulatable positions (Figure 1, row 3), and thus

need a person or robot to first reorganize the garments to a

new state plausible for manipulation (Figure 1, from row 3

to row 4). Therefore, we further introduce a novel design,

adaptation module, to mimic what people often do. By iter-

atively executing the pick-and-place actions, the adaptation

module can use learned point-level affordance as the signal

to efficiently reorganize cluttered garments.

The absence of suitable simulation environments also

partly obstructs the research on cluttered garment manipu-

lation. Previous works have primarily focused on the simu-

lation and manipulation of single garments or simpler de-

formable objects [4, 36, 37, 45, 47, 53, 55], rather than

tackling the challenges posed by cluttered scenarios. To ad-

dress this, we propose a new evaluation environment based

on GarmentLab [29], including 9 garment categories with

various deformations and 3 representative scenarios: sofa,

washing machine, and basket. Both qualitative and quanti-

tative results from simulations and real-world experiments

demonstrate the effectiveness of our framework.

In conclusion, our contributions mainly include:

• We propose to study the novel task of cluttered garments

manipulation, and build the pioneering environment with

diverse scenarios covering different garment categories.

• We introduce point-level affordance learning for cluttered

garments manipulation, with multiple novel designs to ef-

ficiently represent highly complex state and action spaces,

and multi-modal policy outputs.

• We further develop the adaptation module guided by

learned affordance, to efficiently adapt the cluttered gar-

ments to states easy to successfully manipulate.

• Extensive experiments in both simulation and real world

demonstrate the effectiveness of our framework.

2. Related Work

2.1. Visual Affordance for Robotic Manipulation

Visual affordance [12] indicates actionable possibilities on

objects for various manipulation tasks. This approach has

been widely used in grasping [7, 19, 51], articulated manip-

ulation [10, 21, 50], and scene interaction [15, 25, 32, 33].

Point-level affordance, in particular, assigns an actionability

score to each point, and thus enabled fine-grained geometry

understanding and improved cross-shape generalization in

diverse tasks, such as articulated [31, 41], bimanual [54]

and deformable [45, 46] manipulation. For cluttered gar-

ment scenarios, where garments often overlap and entan-

gle, we empower point-level affordance with the awareness

of garment structure and inter-relation, and further propose

affordance-guided efficient scene adaptation.

2.2. Garment Manipulation

Among diverse categories of objects, such as rigid and ar-

ticulated objects, deformable objects pose particular chal-

lenges in representation and manipulation, for the large state

and action space, as well as complex dynamics. Manipulat-

ing 1D cables and ropes [37, 47, 53] and square-shaped fab-

rics [11, 23, 43, 45] have been relatively well-studied with

vision, RL, or imitation based methods, Garments featuring

more diverse categories, shapes and deformations demon-

strate more difficulty. Current studies mainly focus on ma-

nipulating a single piece of garment, proposing methods for

folding [1, 49], unfolding [3, 14, 26], hanging [5, 46] gar-

ments, and dressing up [20, 38, 42]. With the development

of garment simulation environment [29], we move a step to-

wards building diverse scenarios with cluttered garments in

various categories (e.g., shirts, dresses, gloves and socks),

and study the challenging cluttered garment manipulation.

2.3. Cluttered Objects Manipulation

Manipulating objects in cluttered environments is essential

for tasks like grasping [39, 40, 52], retrieving [16, 22, 48],

and rearranging [6, 13]. Cluttered scenes pose unique chal-

lenges, such as occlusions and complex spatial interactions,

requiring advanced perception and control. Approaches us-

ing visual grounding [30, 48], object detection [24], and re-

lational detection [27] help locate and contextualize target

objects, while end-to-end frameworks streamline pose pre-

diction [2, 9]. Learned retrieval affordances [27, 40, 44]

further enhance adaptability in dense scenes. However,

cluttered garments present unique challenges due to diverse

shapes and deformations, complicating detection and rela-

tional understanding. We address this by proposing a point-

level affordance approach with novel designs that capture

the complex states and dynamics of garment piles, enabling

more precise manipulation.

6951



Input

Observed Point Cloud 𝑶  

Affordance

Module

E
n

co
d

er

D
eco

d
er

Initial

Affordance 

(Bad)

Yes

No

Pick

Module

Encoder

Decoder

P
ick

 P
o

in
t

A
ffo

rd
an

ce

Place

Module

E
n

co
d

er

D
eco

d
er

P
lace P

o
in

t

A
ffo

rd
an

ce

Point Cloud O’
after adaptation 

New Affordance 

After Adaptation 

(Good) Bar:

Are 

actionable 

points good 

enough?

Given Pick Point, Choose

this Point to Place!

𝜊

Inference Affordance Again

Manipulation

Adaptation Module

Choose to pick

this point!

Figure 2. Framework Overview. Given the observed point cloud, the Affordance Module predicts the initial point-level manipulation

(retrieval) affordance score. When actionability is not good enough, the framework proposes the adaptation pick-place action. It first

predicts per-point pick affordance, and selects the pick point with the highest score, conditioned on which it predicts place affordance and

selects the place point. After executing adaptation action, it receives a new point cloud and generates new affordance. When actionability

is good enough, the robot retrieves on the point with the highest affordance score. This loop is executed until all garments are retrieved.

3. Problem Formulation

Given a clutter of k garments and its 3D point cloud obser-

vation O ∈ R
N×3, we study garment retrieval, aiming to

retrieve k garments one-by-one while avoiding 2 common

issues that may lead to uncleanliness or unsafety:

• The target garment contacts the floor during the retrieval

(Figure 1, row 2, column 2).

• When the retrieving one garment, others are dragged out

(Figure 1, row 2, column 3).

We follow previous deformable manipulation studies [28,

37, 45] and use pick-and-place as action primitive. Since

placing positions are usually predefined (e.g., placing gar-

ments into a basket or washing machine), we use the grasp

point pretrieve ∈ R
3 with heuristic retrieval orientation as

retrieval action. In case plausible retrieval garment is not

available, we use pick-and-place action (ppick ∈ R
3 and

pplace ∈ R
3) as adaptation action to reorganize the scene.

We define point-level retrieval / pick / place affordance

maps Aretrieve, Apick, Aplace
ppick

∈ R
N , each digit normalized

to [0,1], indicating per-point actionability for retrieval / pick

/ place. The point with highest score will be selected.

4. Method

4.1. Overview

We first describe directly learning point-level affordance for

cluttered garment manipulation (Section 4.2). Then, we de-

scribe learning the adaptation module (Section 4.3), by first

learning point-level place affordance supervised by retrieval

affordance (Section 4.3.1), and point-level pick affordance

supervised by place affordance (Section 4.3.2). Finally, we

introduce training strategy (Section 4.4).

4.2. Point­Level Affordance for Retrieval

As described in Introduction and Problem Formulation, the

Retrieval Affordance Module (also denoted as Affordance

Module for simplicity) Mretrieve predicts the per-point

score map Aretrieve for each point. Taking as input the

point cloud observation O of the garment clutter, we ex-

tract the per-point feature using PointNet++ [35] backbone

feature extractor Fretrieve. As demonstrated in Figure 3

(upper-right), the per-point feature of PointNet++ aggre-

gates the information of local geometry, global structure and

garment relations, each of which is essential for predicting

whether the manipulation on the target point will succeed
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(affordance visualizations in 4 with analysis demonstrate

such information in the learned affordance map). For the

point p, we get the feature fretrieve
p ∈ R

128, and parse it

into Multi-Layer Perceptrons (MLPs) with sigmoid [8] ac-

tivation function for normalization, we can get 1-dimension

affordance prediction ĝretrievep on p. We define the ground

truth retrieval affordance score gretrievep on p as 1 (success)

or 0 (failure), by directly executing the retrieval action on p

and acquiring the manipulation result. We use Binary Cross

Entropy (BCELoss) Lretrieve to calculate the loss:

Lretrieve =−

(

gretrievep · log(ĝretrievep )

+ (1− gretrievep ) · log(1− ĝretrievep )
) (1)

With trained Mretrieve, given the 3D point cloud ob-

servation O ∈ R
N×3, we can first infer the point-level re-

trieval affordance map Aretrieval ∈ R
N and select the point

pretrieval with the highest score for the retrieval action.

4.3. Retrieval Affordance Guided Adaptation

Garments in clutters might be highly entangled, making it

difficult to retrieve one garment without disturbing others

in some situations, where all points would have low af-

fordance scores, indicating that no point could be manip-

ulated. To deal with this situation, people often reorganize

the garments (by picking-placing or stirring), until finding

a plausible scene where the subsequent manipulation could

be successful. Therefore, we mimic what people often do

and propose the adaptation module by iteratively executing

the pick-and-place actions to reorganize the scene. The con-

struction of the adaptation module depends on the learned

affordance, as it indicates whether the scene is plausible for

manipulation. To figure out the specific relationship be-

tween affordance and the success rate, we conducted ex-

tensive empirical tests and observed that the success rate is

significantly high when the portion of points with high re-

trieval affordance (> 0.9) (denoted as Phigh) exceeds 0.1.

Thus, we adapt multiple times until Phigh exceeds 0.1.

As pick-and-place composites a large action space,
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Figure 3. Learning Framework of Retrieval, Pick and Place Affordance. Upper-left: the Affordance Module predicts the point-

level (retrieval) affordance score for the downstream task. Upper-right: PointNet++ backbone aggregates both local and global features

that facilitate incorporating garment geometry, structure and relation information for each point. Lower-right: the Place Module, which

predicts the point-level place score conditioned on a pick point for adaptation, is supervised by the trained Affordance Module. Lower-left:

the Pick Module, which predicts the point-level place score for adaptation, is supervised by the Place Module.
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which is difficult for learning, we disentangle each adap-

tation action into first predicting the pick point ppick and

then the place point pplace conditioned on ppick. As the

state after placing can be estimated by the learned manipu-

lation (retrieval) affordance, we first learn the actionability

for placing on each point given a specific pick point, su-

pervised by the retrieval affordance after the execution of

(ppick, pplace) action (Section 4.3.1). Then, with the learned

place affordance for adaptation, we learn the affordance for

ppick (Section 4.3.2).

4.3.1 Point-Level Place Affordance

The adaptation action is composed of a pick point ppick and

a place point pplace. With a pick point ppick, the Place

Affordance Module Mplace rates the actionability of each

point p on whether placing ppick on p will improve the

scene. The pick action ppick is difficult to directly get su-

pervision, due to the diversity of the following place actions.

On the contrary, the place action p conditioned on ppick can

get the direct feedback from the adapted scene by checking

the scene actionability (i.e., retrieval affordance) improve-

ment. Therefore, we first train Mplace.

As demonstrated in Figure 3 (lower-right), for a target

place point p, given as input the 3D point cloud O and ppick,

two PointNet++, F1

place and F2

place, respectively extracts the

point feature fplace1
ppick

and fplace2
p . Then, their feature con-

catenation is parsed into MLPs to predict the place affor-

dance ĝ
place

p|ppick
normalized to [0, 1]. We execute the pick-

and-place action from ppick to p and get the new point cloud

O′, with the new affordance map. If the new affordance map

exceeds the initial one by a margin, the ground truth place

affordance g
place

p|ppick
is set as 1 otherwise 0. We use BCELoss

Lplace to calculate the loss between g
place

p|ppick
and ĝ

place

p|ppick
:

Lplace =−

(

g
place

p|ppick
· log(ĝplace

p|ppick
)

+ (1− g
place

p|ppick
) · log(1− ĝ

place

p|ppick
)
) (2)

With the trained Mplace, given the 3D point cloud ob-

servation O ∈ R
N×3 and a specific ppick, we can infer the

point-level place affordance map Aplace
ppick

∈ R
N and select

the point pplace with the highest score for the place action.

4.3.2 Point-Level Pick Affordance

For adaptation, with a stable Place Module that rates the

actionability for each place point conditioned on any pick

point, we can further train the Pick Module that rates the

actionability gpickp for each point p, supervised by the best

following place action (i.e., the place point select by the

learned Place Module) conditioned on pick p.

As demonstrated in Figure 3 (lower-left), taking as in-

put the point cloud observation O of the garment clutter,

we extract the per-point feature using PointNet++ backbone

feature extractor Fpick. For the point p, we get the feature

fpick
p ∈ R

128, and parse it into MLPs to predict the pick af-

fordance ĝpickp normalized to [0, 1]. To get the groud truth

score of this point, we use Mplace to find the most suitable

pplace corresponding to p, and then execute the pick-and-

place action from p to pplace to get the new point cloud O′,

with the new affordance map. If the new affordance map

exceeds the initial one by a margin, the ground truth pick

affordance gpickp is set as 1 otherwise 0.

We use BCELoss Lpick to calculate the loss between

gpickp and ĝpickp :

Lpick =−

(

gpickp · log(ĝpickp )

+ (1− gpickp ) · log(1− ĝpickp )
) (3)

With the trained Mpick, given the 3D point cloud obser-

vation O ∈ R
N×3, we can infer the point-level pick affor-

dance map Apick ∈ R
N and select the point ppick with the

highest score for the pick action.

4.4. Inference and Training Details

Figure 2 (caption) describes inference pipeline and details.

Figure 3 (caption) describes the training pipeline.

For training data, epoches and computing resources,

we use NVIDIA GeForce 4090 for training. We set batch

size to be 128 to train (Retrieval) Affordance and Pick Af-

fordance. While for Place Affordance, we set batch size to

be 64 because there are two PointNet++ networks. We col-

lect 20,000 pieces of data and train Retrieval Affordance for

120 epoches, as well as 8,000 pieces of data and train Pick

and Place Affordance for 80 epoches. It takes fewer than 24

hours to train each module.

We further use online data to boost the robustness dur-

ing training. Since cluttered garments have exceptionally

diverse states, the model trained on offline data might not

work well in some unseen clutters. Therefore, based on the

offline trained models, we collect the scenarios where the

models do not well, and further train the models on such

data to improve the model robustness. For example, for

the (Retrieval) Affordance Module, we randomly sample

scenes and use learned affordance model to infer the ma-

nipulation point pretrieve. If the manipulation failed after

the actual execution, we add this data into the buffer, as

this point is not actually suitable for manipulation. When

the buffer consists on 64 data, we compose a batch of 128

data from the buffer and 64 offline data, to train the model

on the scenes in which it makes mistake predictions, while

maintaining the knowledge from the previous offline data.

We iterate this process as the sampled mistake distributions

might have changes, until the model shows consistent per-

formance with low variance. As we can acquire the manip-

ulation or adaptation execution results for each module, the

online adaptation proceeded for all modules.
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Figure 4. Example Manipulation Sequences in WashingMachine and Sofa.

5. Experiments

5.1. Environment, Assets, Data and Evaluation

We use GarmentLab [29] built on Isaac Sim [57] as the envi-

ronment, which supports simulating multi-material interac-

tion coupling of garments. We load 9 categories (dress, one-

sie, glove, hat, scarf, trousers, underpants, skirt and top) of

126 different garments from ClothesNet [56]. We construct

3 different types of representative and realistic scenes:

• WashingMachine that contains piled garments and rep-

resents manipulation with spatial constraints.

• Basket that contains piled garments in the basket, repre-

senting manipulation with another spatial constraint type.

• Sofa that contains piled garments on the sofa, represent-

ing manipulation in the open space.

Each scene contains a maximum number of 5 garments in

different types with various deformations. To obtain rela-

tively complete point cloud, we place the sensor in front of

washing machine for garments inside it, while above (top-

down) garments on sofa and in baskets. Same poses are

placed in the real world. We use the success rate of manip-

ulation for evaluation.

5.2. Baselines and Ablations

Due to the lack of direct studies in cluttered garments, we

compare with methods on affordance learning, cluttered

scene understanding and deformable object manipulation:

• Where2Act [31] that predicts primitive-level (i.e., grasp-

ing or pulling) per-point actionability.

• Support-M, the modified version of Supporting Rela-

tion [18] from cluttered rigid objects to cluttered gar-

ments, which first segments each object in the scene, and

then retrieves the object not supported by others.

• GPT-Fabric-M, the modified GPT-Fabric [36] to use

GPT-4o [17] to infer spatial relations in garment clutters

and retrieve the garment causing least influence to others.

To demonstrate the necessity of the proposed adaptation

module, we compare with the following ablated versions:

• Ours w/o Adaptation that removes the adaptation part.

• Ours w/o Pick Afford that randomly selects the picking

point instead of using trained pick affordance.

• Ours w/o Place Afford that randomly selects the placing

point instead of using trained place affordance.
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Figure 5. Retrieval Affordance before and after Adaptation, Adaptation Action indicated by Pick Affordance and Place Affordance.

When predicted retrieval affordance is not good enough(columns 1, 2), the adaptation procedure will be triggered. The point with highest

score in pick affordance will be chosen as ppick (column 3) while the point with the highest score in place affordance will be chosen as

pplace (column 4). After executing pick and place for adaptation, retrieval affordance has improved significantly (columns 5, 6).

5.3. Results and Analysis

Figure 4 demonstrates example manipulation trajectories

guided by affordance-based adaptation and manipulation.

Visualized affordance demonstrates the awareness of fol-

lowing representative features in cluttered garments:

• Spots on garments where the manipulation will not cause

garments to fall on the ground. In other words, the policy

to some degree understands the overall structure of the

garment, and thus will not grasp garment edges as other

parts far from the grasping point may fall on the ground.

• Multi-modal retrieval points in clutters. Point-level rep-

resentation is able and suitable to indicate diverse points

in different garments plausible for retrieval. For example,

in the Sofa scene, all upside garments have high scores.

• Geometries where the grasp operation will only grasp one

garment instead of more. In other words, the junction

between 2 garments do not have high affordance scores.

• Spots where the retrieval operation will not drag other

garments as the side effect. For example, in the Sofa

scene, only upside garments have high affordance scores.

Figure 5 demonstrates the rationality and feasibility of

our adaptation policy. What’s more, from the procedure of

adaptation we can also find out some evidence about how

our model is aware of the structure of cluttered garment and

take better methods about adapting the pile of garments:

Method WashingMachine Sofa Basket

Ours w/o Adaptation 0.712 0.702 0.693

Ours w/o Pick Afford 0.724 0.704 0.716

Ours w/o Place Afford 0.778 0.743 0.731

Ours 0.805 0.819 0.792

Table 1. Ablation Study. Section 5.3 provides detailed analysis.

• Row 1: the robot picks the red garment (supporting some

upside garments) a little to the front, and thus this garment

doe not support others.

• Row 2: the sleeve leaks out of the washing machine

and thus the garment might easily slip outside the ma-

chine when executing any retrieval action. The adaptation

model picks the sleeve back into the washing machine.

• Row 3: one small garment is hidden on the edge of the

washing machine, and thus the robot cannot determine

how many garments in the scene. The adaptation module

choose to pick right of the front garment to the left, and

the hidden garment is revealed.

Table 1 shows results of ablation study. Pick affordance

plays a crucial role as only limited points are plausible for

picking for adaptation (i.e., picking most points do not im-

prove the scene). Conditioned on a good pick point, place

affordance will further contribute to the better adaptation.
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Method WashingMachine Sofa Basket

Where2Act [31] 0.585 0.643 0.624

Support-M [18] 0.562 0.784 0.684

GPT-Fabric [36] 0.463 0.408 0.384

Ours 0.805 0.819 0.792

Table 2. Quantitative Comparisons with Baselines. Our method

outperforms baselines by a margin, with analyses in Section 5.3.

Observation Segmentation Retrieval

Contact machine

Contact floorretrieval point
grasp point of other garments

Figure 6. Manipulation Guided by Segmentation and Support

Relation. Foundation segmentation models cannot precisely seg-

ment garments in clutters, misleading the following manipulation.

Table 2 demonstrates the success rate of our method and

baselines. For Where2Act, as it only denotes affordance

for pulling primitive, it cannot precisely guide the down-

stream retrieval task. For Support-M, while it performs

well in the Sofa scenario, its success rate drops sharply in

WashingMachine and Basket. This is because garments on

the sofa are in a relatively open space and thus show rela-

tively intact shapes, making it not so difficult for foundation

model to segment garments. However, WashingMachine

and Basket scenarios involve severe occlusions and defor-

mations, making garment segmentation significantly more

challenging. As demonstrated in Figure 6, foundation seg-

mentation models mistakenly segments part of a garment as

a whole garment. More visualizations are demonstrated in

the supplementary material. Besides, we observe that seg-

mentation performance is influenced by lighting conditions

and garment colors. For example, if the garments in a pile

have similar colors or textures, chances are that they might

not be segmented to separate individuals. For GPT-Fabric-

M, as shown in Figure 7, the high complexity of cluttered

garments prevents GPT from accurately inferring garment

relations. In the supplementary material, we provide the

prompts and additional actions guided by GPT-4o. Notably,

Support-M and GPT-Fabric-M require inference times of

3s and 8s respectively, which are significantly longer than

affordance-based methods, making them less suitable for

real-time decision-making and operation.

Observation Retrieval (entangle) Observation Retrieval (contact floor) 

Figure 7. Manipulation Guided by GPT-4o. GPT cannot pre-

cisely infer garment relations in complicated clutters.

Adapt trace
Adapt trace

Observation Affordance Observation Affordance

Sofa (Adaptation)

Basket  (Without Adaptation)

Observation Affordance Observation Affordance

Figure 8. Real-World Results of affordance and policy.

Method WashingMachine Sofa Basket

Where2Act [31] 9 / 15 10 / 15 8 / 15

Support-M [18] 8 / 15 12 / 15 9 / 15

GPT-Fabric [36] 6 / 15 7 / 15 6 / 15

Ours 12 / 15 13 / 15 12 / 15

Table 3. Real-World Success Rate in different scenarios.

5.4. Real­World Evaluation

We use Franka Panda as the robot, and Kinect to capture

depth images, due to its slight noise problem demonstrated

by previous studies in articulated object [34] and garment

manipulation [46]. Table 3 reports success rates. Figure 8

shows real-world observations, affordance and adaptation.

Supplementary video shows more demonstrations.

6. Conclusion

We propose point-level affordance, a dense representation,

to capture complex cluttered garments scenarios and guide

downstream manipulation. Since cluttered garments may

require initial adaptation before manipulation, we further

introduce affordance-guided adaptation. Experiments in di-

verse scenarios demonstrate the superiority of our method.
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