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Abstract

Actionable part perception for robotic object manipula-
tion needs to perceive parts over open-world object cate-
gories within 3D space, which is challenging as the appear-
ance of the same part on different objects varies greatly. It
is frequently observed that despite the huge intra-class dif-
ference in appearance, the parts share common interactive
functions over different objects, i.e., common affordance.
According to this observation, we propose DisCo, a novel
technique that Discovers Common affordance information
from powerful large models for guiding the actionable part
perception across open-world objects. Specifically, we first
use a large language model to identify the object names that
each part potentially belongs to and a text-to-image gen-
erative model to generate image examples for the queried
objects, constructing image-text paired data that indicate vi-
sual and semantic information of common affordance. Then,
our model encodes the common affordance information by
learning to pair the object-part images with their text de-
scriptions. Subsequently, the 2D-pixel features are distilled
into 3D space, thus the 3D point features are enriched with
not only the semantic information of open-set objects but
also the common affordance information which is highly
generalizable. Finally, a segmentation head and a pose re-
gression network are developed to predict more accurate
results of part segmentation and pose estimation, improv-
ing the success rate of robotic object manipulation. Exten-
sive experiments show that our method outperforms existing
methods on the part instance and semantic segmentation
by significant margins of 4.8% mAP, 5.4% AP50, and 3.9%
mIoU on the unseen object categories.

1. Introduction
Being able to identify actionable parts across various

object categories [8, 12, 25, 32, 33] is crucial for versatile ob-
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Figure 1. We propose to discover common affordance, which

corresponds to the highly generalizable cues for object-part interac-

tion across open-world object classes, using large generative and

discriminative models.

ject manipulation—a vital skill necessary for Embodied AI

agents interacting within dynamic real-world environments.

Current research approaches [7,8,19] pose actionable part

perception as a robust 3D segmentation challenge. In this

paradigm, objects are treated as distinct domains, and mod-

els are trained to learn domain-invariant representations of

parts through adversarial training methods. However, these

learned representations often face challenges dealing with

significant visual variations among the same part category

across different objects. Moreover, they commonly miss cap-

turing the subtle visual distinctions that differentiate one part

class from another. Another viable solution involves directly

applying existing open-world segmentation methods to seg-

ment actionable parts. However, these approaches usually

detect all visible object parts in an uncontrolled environment.

Yet, actionable part segmentation focuses on specifically

identifying object parts that can be interacted with, such as

handles, buttons, or switches. It focuses on recognizing the

functional aspects of objects that enable interaction. There-

fore, our objective is to understand these functional aspects

of objects and enhance actionable part perception.
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Common affordance, which refers to the shared interac-

tive functions within the same part category across various

objects, can be uncovered by analyzing ample object exam-

ples containing these parts. These examples often provide

clear indications of how objects and their parts interact. For

instance, both doors and microwave ovens commonly have

“handles” that can be opened. Motivated by this observation,

we explore the broader and more adaptable common affor-

dance information present in objects. This exploration aims

to grasp the functional aspects of objects.

Building upon recent advancements in generative and dis-

criminative large-scale models, this paper proposes DisCo,

which Discovers Common affordance from these large mod-

els, thereby improving actionable part perception. The large

models consist of a large language model associating each

part category with potential open-world object labels, a gen-

erative text-to-image diffusion model crafting object-part

images that present common affordance, and a cross-modal

pretrained model offering knowledge of fine-grained visual-

semantic alignment for part segmentation across diverse

open-world objects. They serve as abundant sources of vi-

sual intricacies and potential interactions among object parts,

conveniently available off the shelf, as shown in Figure 1.

Specifically, the DisCo model is developed to query,

learn, and distill common affordance for developing more

robust and distinct representations for actionable part per-

ception. First, we query an image-text paired dataset as aux-

iliary data from a Large Language Model (LLM) and a dif-

fusion model. This dataset provides comprehensive insights

into both the visual aspects and interactive functionalities

of object parts, demonstrating common affordance across

diverse objects in the open world. Subsequently, DisCo

learns to encode this common affordance information into

fine-grained image features by ensuring consistency between

the embeddings of generated images and their corresponding

object-part texts (e.g., “a door with a handle”). This process

achieves a consistent and generalizable alignment between

2D visual information and textual descriptions for objects

and actionable parts. Following this, DisCo distills the ac-

quired common affordance knowledge, initially learned at

the 2D pixel level, into their 3D point feature equivalents.

This enriches the 3D point features, enhancing their capacity

for effective generalization. Finally, these refined 3D fea-

tures are utilized to predict part segmentation and estimate

poses, facilitating robotic object manipulation.

To validate the generalization ability of DisCo, we con-

duct extensive experiments on the GAPartNet dataset [8]

to show that our method achieves significant improvements

over existing state-of-the-art on unseen objects. We also

assess the estimated object pose for manipulation within sim-

ulated environments, successfully executing precise control

operations even with exceedingly small parts.

The main contributions in this paper are three-fold:

• We address the challenging problem of identifying ac-

tionable parts by extracting common affordance from

extensive generative and discriminative models, then

distilling this knowledge to aid in segmenting parts

within a 3D space.

• The common affordance querying, learning, and dis-

tilling modules work in tandem to seamlessly integrate

both the visual appearance and the functional interac-

tion information of actionable parts and their respective

objects, which notably boosts the generalization ability

of object manipulation.

• Our method is demonstrated to be superior over exist-

ing state-of-the-art (improving about 5% on almost all

the metrics over unseen object classes), which greatly

facilitates object manipulation.

2. Related Work

3D Part Instance Segmentation. General point cloud seg-

mentation has been extensively studied, employing either

point-based [21, 22, 36] or voxel-based [10, 38] methods due

to variant data inputs, with pioneering methods like Point-

Net [21] for point-by-point feature learning in unstructured

point clouds and VoxelNet [38] for voxel rasterization and

convolutional processing of 4D tensors. In the robot oper-

ation scenario, the segmentation of actionable object parts

has drawn great attention. Large-scale datasets [2,16,18,35]

of 3D shapes with annotations of actionable parts form the

fundamental for the task, e.g., AKB-48 [16] and PartNet [18].

Several advancements [8, 17] have been achieved in the de-

velopment of part instance segmentation. The most com-

parable method, GAPartNet [8] uses adversarial strategies

to compensate for cross-domain degradation but will cause

instability in training. In contrast to the methods mentioned

above, we tackle the problem of actionable part segmentation

from a brand-new perspective. We propose to make full use

of off-the-shelf large models and collect common affordance

information for the parts.

Open-World 3D Segmentation. 3D segmentation in the

open world aims to segment and identify untrained 3D point

cloud objects, vital for applications like autonomous sys-

tems and robotics where novel or unexpected objects are

frequently encountered. Some open-world segmentation

models [5, 15, 20, 26] utilize techniques like zero-shot or

few-shot learning to adapt to new objects, with notable devel-

opments like PLA’s [5] language-aware embeddings model

and OpenMask3D’s [26] open-vocabulary method for 3D

instance segmentation. Another branch of work uses large-

scale, diverse datasets and synthetic data generation to train

these models. These approaches [24, 37] introduce a wide

range of object types and scenarios, enhancing the robust-

ness and versatility of the segmentation models. We have
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integrated the two main methods mentioned above, leverag-

ing both pretrained models and synthetic data to assist in the

open-world 3D part segmentation task.

Object Pose Estimation and Manipulation. Object pose es-

timation and manipulation primarily revolve allowing robots

to accurately detect, identify, position, grip, and manipulate

objects. Notable studies include NOCS [30], FS-Net [3],

CASS [31], 6-PACK [29], and Captra [34], which feature

unique approaches such as normalized object coordinate

space and canonical latent shape space. Few studies address

moving actionable parts of objects, though recent ones like

Gadre et al. [6], leverage low-level generalizability. However,

these methods only deal with simple objects, highlighting

the need for better geometric and actionable pattern consis-

tency in more complex objects. In our task, we focus on the

manipulation of actionable parts of open-world objects.

3. Method

3.1. Preliminaries

Problem Definition. Given the 3D point cloud observa-

tion of the object P ∈ N × 3, where N denotes the number

of points, the agent is first required to segment out the action-

able parts on the presently observed object and estimate the

part’s pose for subsequent object manipulation. In real-world

scenarios, actionable parts across diverse objects often ex-

hibit similar geometries and functionalities. The actionable

part perception network is trained using a dataset compris-

ing known objects (e.g., “handle” of a “door”) and aims to

generalize effectively to unseen objects (e.g., “handle” of a

“teapot”). The GAPart [8] dataset categorizes these action-

able parts into 9 distinct classes based on their shape and

degree of operational freedom. For each actionable part i,
the output of the perception network includes a segmentation

mask Mi, a class label li ∈ {1, ..., 9}, and a 7-dimensional

rigid transformation of the pose.

Learning Framework. The primary challenge in action-

able part perception lies in its ability to generalize across

open-world objects in real-world environments. Current

methods train perception models on a restricted set of source

objects, leaving them susceptible to dataset biases and limit-

ing their generalization capabilities. To overcome this con-

straint, we propose leveraging the scalability advantage of

2D image perception to enhance 3D actionable object part

perception. This enhancement involves querying, learning,

and distilling extensive knowledge of common affordance

from large-scale pretrained models. In Figure 2, the com-

mon affordance querying module initially gathers visual and

textual insights about object-part interactions by leveraging

a Large Language Model (LLM) and a Diffusion Model

(DM). Subsequently, the common affordance learning and

distillation module incorporates this queried knowledge into

perception model training, thereby bolstering part perception

capabilities. We employ Lseg’s [14] pretrained ViT-L model

as our image encoder E2D, CLIP’s [23] pretrained text trans-

former as our text encoder Etext, and a Sparse UNet [9] as

our 3D backbone E3D which extracts 3D features from point

cloud. To maintain 2D-3D consistency, we use a domain

adaptor and a semantic adaptor to project 2D features and

3D features to the same dimension. Then we leverage 2D-

3D alignment and 3D-text alignment to learn generalization

ability from the pretrained 2D models and get semantic label

for each voxel. For learning common affordance from gener-

ated images, we use contrastive loss to align 2D features and

text features. Next, we use the grouping and scoring module

to obtain instance segmentation predictions. After that, the

point-wise pose is estimated through the pose estimation net-

work, and the part can be manipulated through the predicted

pose and segmentation results.

3.2. Common Affordance Querying

We query common affordance by gathering an image-text

paired dataset from large models. Given an actionable part

category lp ∈ Cp, we feed lp prompted with T p = “Please tell

me some categories of objects with {part name}” into large

language model (LLM) to get the object labels {lo1, ..., loĈp
}

that potentially contain the part lp in daily life, as:

{lo1, ..., loĈp
} = LLM(T p(lp)), (1)

where Ĉp is the number of the queried object names. For

example, we input “Please tell me some categories of objects

with handles” as the prompt to ChatGPT to get “luggage,

teapot, ...” that potentially have “handles”.

Then we prompt both the part and their queried object

names with T po = “a {object name} with a {part name}” and

fed the texts into a Diffusion Model to generate RGB images

{Io1 , ..., IoĈp
} that show the objects, as:

{Io1 , ..., IoĈp
} = DM(T po({lo1, ..., loĈp

})). (2)

Based on the generated image-text pairs we can build an

auxiliary dataset A = {{I1;T1}, ..., {IM ;TM}} that indi-

cates the common affordance information of actionable part

categories. M is the number of pairs.

3.3. Common Affordance Learning

Our model learns to encode common affordance informa-

tion via contrasting the image-text pairs from the auxiliary

dataset A. Specifically, the images are fed into the image

encoder E2D (e.g., a pretrained ViT-L from LSeg [14])

followed with one MLP layer as Domain Adaptor φDA

to adapt the pretrained features to the domain of action-

able part perception, and one pooling layer to aggregate

the fine-grained image features F2D ∈ R
H×W×d which

will be used in our distillation into image-level embeddings
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Figure 2. Overall architecture. DisCo begins by querying common affordance from large models and assembling an image-text dataset

that showcases object-part interactions. Using this dataset, the model learns to encode both visual and semantic common affordance

details, yielding robust and refined features in the 2D domain. Subsequently, our model distills these 2D features into their 3D equivalents,

transferring crucial common affordance information to enhance actionable part perception. Finally, our framework predicts part semantic

and instance segmentation masks, along with pose estimation results, enabling generalized object manipulation in real-world scenarios.

V = {vi ∈ R
d}Mi=1. Meanwhile, for each image the text

prompt encoded via Etext, resulting in text embeddings

T = {ti ∈ R
e}Mi=1. The feature dimension e is set to 512 in

our model. Note that e and d are not equal, and we need a

linear layer to project d to e denoted as image → text and e
to d as text → image. In our model, we use image → text.

To learn visual and semantic information of common af-

fordance from the queried image and texts, we adopt the

cross-modal version of the InfoNCE loss [27] which is mini-

mized to lead the encoders to maximally preserve the mutual

information between the correctly matched pairs. The image-

to-text and text-to-image contrastive losses are defined as:

l
(v→t)
k = −log

exp(〈vk, tk〉/τ)∑|Qk|
q=1 exp(〈vk, tq〉/τ)

,

l
(t→v)
k = −log

exp(〈tk,vk〉/τ)∑|Qk|
q=1 exp(〈tk,vq〉/τ)

,

(3)

where 〈·, ·〉 represents the cosine similarity between two vec-

tors and τ is a learnable temperature parameter to scale the

logits. Qk is the sampling dictionary that provides negative

samples for the positive samples. The cross-modal objec-

tive of common affordance learning is then computed as a

weighted combination of the two losses averaged over all

possible image-text pairs in each mini-batch:

L2D−text =
1

M2

M2∑

k=1

(γl
(v→t)
k + (1− γ)l

(t→v)
k ), (4)

where γ = 0.5 in our model.

As shown in Figure 3, we considered four kinds of sam-

pling strategies for Qk. 1) corr txt-img (Figure 3a): Only

the original image-text pairings in A are regarded as posi-

tive samples, while others are negative samples. 2) txt-img
(Figure 3b): If the image-text pairs share a common part, we

consider it as positive. 3) img-img (Figure 3c): By ignor-

ing the texts, the images that have the same part categories

are considered positive. 4) txt-img + img-img (Figure 3d):

A simple combination of 2) and 3). These strategies are

elaborately designed and ablated in Section 4.3.

The common affordance learning process imbues the 2D

image features F2D with three notable advantages: 1) The

features are fine-grained and exhibit universal pixel-semantic

alignment, owing to the encoder E2D being constructed

from a pretrained open-set segmentation network. 2) These

features possess powerful generalization capabilities in rec-

ognizing functional interactions between parts and objects,

attributed to the auxiliary image-text pairs. 3) They are well

adapted for the realm of actionable part perception where the

visual perceptions are dominated by object-centric images

in the front view.

3.4. Common Affordance Distillation

The goal of our perception network is to predict 3D seg-

mentation results for actionable parts of the objects to be

manipulated. To achieve this, we propose to distill the highly

generalizable knowledge about common affordance from 2D

pixel features to 3D voxel features.

To obtain 3D voxel features, we first voxelized the point

cloud P into a voxel grid and then employ a 3D Sparse UNet
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samples.

1
1

1
1

1 0 1 0 0
0 0 0 1
1 0 0 0
0 0 0 0
0 1 0 0

(d) txt-img + img-img. Combine

txt-img and img-img.

Figure 3. Four strategies. Experiments show that strategy t-i is

better for improving the model’s performance, and it is also the

strategy adopted in our method.

to extract 3D features F 3D ∈ R
N×z , where z is our 3d fea-

ture dimension. For a 3D coordinate x ∈ R
3, we use h(·)

as a mapping function to project x to a 2D coordinate. Dur-

ing training, the 3D coordinates are first multiplied with an

augmented matrix Maug to prevent overfitting. The values

in the matrix Maug are randomly generated. After mapping

the 3D coordinates to 2D space, such random enhancement

would cause an undesirable offset for the resulting 2D coor-

dinates. So we also multiply the inverse matrix M−1
aug before

mapping to maintain the correspondence between 2D and

3D coordinates, as x′ = h(xM−1
aug). According to the pro-

jected coordinates we can obtain the projected 2D features

of the 3D features F3D followed by a semantic adaptor (one

convolution layer) φSA, denoted as F̂3D ∈ R
H×W×d Thus,

the common affordance information can be distilled from

2D to 3D features via a distillation loss:

L2D−3D =

H∑

i=1

W∑

j=1

L(F2D
i,j , F̂

3D
i,j ), (5)

where L denotes L2 loss function.

3.5. Actionable Part Perception

Through common affordance distillation, the 3D voxel

features are enriched with the semantic information of ac-

tionable parts, making it discriminable in the visual-semantic

cross-modal feature space. Therefore, our model can pre-

dict 3D part segmentation results by computing the cosine

similarities between the 3D point-wise features and the text

embeddings of all the part labels Cp. The loss for 3D seg-

mentation is:

L3D−text = Lbce(F̂
3DEtext(Cp)T , Y 3D), (6)

where Lbce is the binary cross-entropy loss, Y 3D ∈ R
N

denotes the ground-truth part label for each 3D point. Then

we use grouping and scoring and obtain M instance masks

through non-maximum suppression (NMS), which serve as

our final instance segmentation results.

3.6. Part Pose Estimation

For each predicted part segmentation mask Mi, we query

its mask feature F 3D
Mi

from the feature F 3D. Then we uti-

lize a part-oriented pose prediction network PE to regress

point-wise normalized part coordinate space (NPCS) coordi-

nates [8]. The design of NPCS loss LNPCS is similar to [30].

At the inference time, we estimate the 7-dimensional rigid

transformation and obtain the pose of the predicted part. As

for object manipulation, the robotic arm takes the segmen-

tation mask and pose of the target part, and then executes

corresponding controlling programs to complete an opera-

tion, such as crawl, push/pull, rotate, and so on.

Finally, the overall objective for the actionable part per-

ception framework can be formulated as:

Laux = λ1L2D−text + λ2L2D−3D + λ3L3D−text,

Ltotal = Laux + Lseg + LNPCS ,
(7)

where λ1, λ2, λ3 are weights for the auxiliary losses, and

Lseg is the part segmentation loss as in [11] without common

affordance incorporation.

4. Experiments
4.1. Implementation Details and Settings

Data preparation. We use a proportion of the GAPart

dataset proposed in GAPartNet [8] which is from PartNet-

Mobility [35], and the rest data (from AKB-48 [16]) are

not used due to the lack of 3D objects shapes. The dataset

contains 8389 GAPart instances on 1045 objects with point-

level semantic labels and pose annotations. There are 9

actionable parts and 23 object categories in the dataset, and

we split 23 object categories into 13 seen and 10 unseen

categories. Seen categories are further split into seen and

unseen instances. Unseen object instances from seen and

unseen categories are denoted as intra-test and outer-test,

respectively. This two-level splitting enables all the part

classes to exist in both seen and unseen object categories,

and make a more comprehensive and fair comparison of the

generalization capabilities of our method. In our experiment,
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Model Train Data
intra-test outer-test

mAP AP50 mIoU mAP AP50 mIoU

PointGroup [11] PNM, AKB-48 57.3 66.8 - 21.9 26.3 -

SoftGroup [28] PNM, AKB-48 58.5 68.8 - 22.0 27.7 -

AutoGPart [17] PNM, AKB-48 57.2 66.3 - 25.7 30.5 -

GAPartNet [8] PNM 60.1 71.9 75.0 25.8 33.3 31.2

Ours PNM 61.9 74.0 75.3 30.6 38.7 35.1

Table 1. Resutls of DisCo comparing with other methods. PNM represents PartNet-Mobility [35]. Our model has seen a significant

improvement on the outer-test, from 25.8% mAP to 30.6% mAP.

DisCo models are trained on seen object instances (also seen

categories) and evaluated on the above two test datasets.

Evaluation metrics. In line with existing 3D semantic in-

stance segmentation benchmarks in ScanNet [4] and S3DIS

[1], we have opted to employ the widely accepted average

precision metric to assess the performance of part segmenta-

tion. More specifically, we utilize AP50, which represents

the average precision at an intersection over union threshold

of 50%, to evaluate the performance of each part class as

well as the overall performance. Additionally, we incorpo-

rate mAP, which calculates the average precision across IoU

thresholds ranging from 50% to 95% in increments of 5%,

to provide a comprehensive evaluation of the model perfor-

mance. We also report the 3D mean Intersection over Union

(mIoU) to evaluate part segmentation performance.

Implementation Details. We use the SAPIEN 2.0 [35] en-

vironment to render a large-scale dataset from GAPartNet

objects, consisting of 2D RGB images, depth images, part

semantic segmentation masks, part instance segmentation

masks, and part pose annotations. Using camera intrinsic

matrix, 2D RGB images, and depth images, we do back-

projection to obtain dense, partial point clouds. We sample

20,000 points for each dense point cloud using Farthest-

Point-Sampling (FPS). We also generate the corresponding

ground truth for semantic segmentation, instance segmenta-

tion, and part pose. In our best practice, the ViT-L model

of Lseg [14] is used as the backbone of the 2D image en-

coder E2D, two Sparse UNets [9] as used as 3D backbone

E3D and part pose estimation network P , the CLIP [23] text

encoder is used to encode texts in DisCo. Empirically, the

dimension d for 2D-3D distillation is set to 32, and the loss

coefficients λ1, λ2, λ3 are set to 0.1, 10, and 1, respectively.

During training, we use Adam optimizer [13] with a learning

rate of 1e-3 and a batch size of 64.

4.2. Actionable Part Perception Results

Numerical results. Table 1 shows the quantitative com-

parisons between our method and existing state-of-the-art

methods of 3D semantic instance segmentation, e.g., Point-

Group [11] and SoftGroup [28]. We set up a baseline modi-

fied from AutoGPart [17], whose task is different from ours

thus we directly combine their methods with the original

PointGroup [11] pipeline for comparison. We also com-

pare our method with GAPartNet [8], which is the first to

propose 3D actionable object part segmentation. From the

table, we can see that our proposed DisCo model outper-

forms existing methods by large margins on both intra-test

and outer-test over all the evaluation metrics. Notably, the

performance improvements (4.8% mAP, 5.4% AP50, and

3.9% mIoU) on the outer-test set are much more significant

than those (1.8% mAP, 2.1% AP50, and 0.3% mIoU) on the

intra-test set, which demonstrates that introducing common

affordance could achieve remarkable generalization ability

for actionable part perception models.

Qualitative results. In Figure 4, we show some visualiza-

tion examples on the outer-test set. The first two rows of

input point clouds data come from the outer-test in PartNet-

Mobility [35], and the last two rows are from AKB-48 [16].

“pc", “pred", “sem", “gt", “ins", “bbox" stand for point cloud,

prediction, semantic segmentation, ground truth, instance

segmentation, prediction bounding box. Our model predicts

accurate results of actionable part perception even on the

tiny parts like buttons on the remote control. When directly

tested on new objects from the AKB-48 dataset where the

RGB style is different from training data, our model still

delivers impressive performance.

4.3. Ablation Studies

We ablate the key factors of our method in Table 2. Nu-

merical results are reported on mAP(%), which represents

the performance of instance segmentation, and the higher the

better. “intra” and “outer” represent the performance on seen

categories unseen object instances and unseen categories un-

seen object instances, respectively. In general, we pay more

attention to the performance on “outer” since it measures the

generalization ability of models. In the following ablation

studies, we employ the best practices of the model settings

except for the ablated factor.

Visual and semantic information of common affordance.
DisCo introduces both visual and semantic information about

common affordance into the 3D point features. We conduct

ablation studies to evaluate the effectiveness of both types

of information in Table 2a. We first build a vanilla model

(denoted as “bare”) by disabling the common affordance
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2D-3D intra outer

bare 54.47 21.95

+ visual 54.58 24.62

+ semantic 60.51 27.60
(a) Visual and semantic information of com-
mon affordance help improve the generaliza-

tion ability of our model.

type intra outer

Cos 57.45 27.79
MSE 60.50 27.60

(b) Different implementation of L2D−3D .

Mean square error loss is more effective than

cosine similarity loss.

dim intra outer iter/s

16 57.92 26.92 0.54

32 60.50 27.60 0.52

64 59.15 27.93 0.48

(c) Feature dimension. We take 32 as the fea-

ture dimension based on a trade-off between

performance and efficiency.

ct strategy intra outer

- 60.51 27.60

corr i-t 58.22 26.60

i-t 60.05 28.53
i-i 56.87 25.65

i-t + i-i 58.41 26.40

(d) Contrastive loss strategy. Strategy img-txt

is more suitable for our model.

case intra outer

image → text 60.05 28.53
text → image 57.71 28.49

(e) Mapping direction. Mapping image fea-

tures into text feature space is more efficient.

scale intra outer

0.5x 57.97 28.49

1.0x 60.05 28.53

2.0x 61.90 30.64
3.0x 61.30 28.94

(f) Scale of auxiliary data. A proper scale of

the generated data is more effective.

Table 2. Ablation studies on key factors of DisCo. We report mAP(%) on both the “intra-test”(seen object category and unseen object

instance) and “outer-test”(unseen object category and unseen object instance). Best practice settings are marked in gray .

discovering. The 3D features generated by E3D are directly

fed into the segmentation head to predict part segmentation

results, which is supervised by the ground-truth 3D point

labels via BCE loss. Then we introduce the visual common

affordance information and add the L2D−3D loss into model

training, resulting in a significant improvement on the “outer”

test set, from 21.95% mAP to 24.62% mAP. Furthermore,

we validate the benefit of the semantic information of com-

mon affordance by enabling the L2D−text and L3D−text

losses, obtaining consistent improvements on both the “intra-

val” (from 54.58% to 60.51% mAP) and “outer-val” (from

24.62% to 27.60% mAP).

Different implementation of L2D−3D. We compare two

common implementations of the 2D-3D feature distillation

loss L2D−3D, they are, the cosine similarity loss and the

MSE loss. From Table 2b we can see that the MSE loss

achieves a better performance on “intra” (60.50% mAP v.s.

57.45% mAP), but a small drop on “outer”. This is because

the MSE loss is more suitable for regression tasks, which is

consistent with the goal of L2D−3D.

Different values of feature dimension d. During common

affordance distillation, we use a domain adaptor and a se-

mantic adaptor to project the original 2D image features and

3D features to have equal dimension d. Larger dimensions

would lead to better performance but also an undesirable

increment in the computing resource overhead. To find a

balance between performances and computation costs, we

tried different dimension values, such as 16, 32, and 64, see

Table 2c. We can see that from 32 to 64, the performance on

outer-test improved by 0.33% mAP, but the iteration speed

slowed down by 8.3%. When the total number of training it-

erations increases, this will cause considerable consumption.

To balance performance and efficiency, we set d to 32 in our

model.

Contrastive loss strategy. We conducted ablation experi-

ments on the four contrastive loss strategies mentioned in

Section 3.3. Not using contrastive loss L2D−text is denoted

as “-”. “i” and “t” represent “img” and “txt” respectively. In

Table 2d, we show that the contrast loss strategy that sets

the image text as a positive sample as long as there are the

same parts has the best effect on the model, increasing 27.6%

mAP to 28.53% mAP on outer-test. Although the mAP score

on the intra-test has declined, this is an acceptable slight de-

cay (0.46% mAP), because we are more concerned with the

outer-test. Note that using image-to-image matching can

result in performance degradation (from 28.53% to 25.63%).

Parts of an object occupy a small space in an image, therefore

the image features usually have a large amount of redundant

information, making it difficult to distinguish them.

Mapping direction. Table 2e shows that using image →
text works better than text → image. The former is 0.04%

mAP higher than the latter on outer-test while 2.34% on

intra-test. The reason may be that we prefer to align each

text feature token to the image feature token rather than

align each image feature token to the text feature token. In

this way, our model can learn open-world ability from the

pretrained text encoder.

Scale of generated data. We generate image-text pairs of

different scales to see the effect of the data scale on the per-

formance. Based on the number of point clouds, generate

auxiliary data with different ratios, such as “0.5x”, “1.0”,

“2.0x”, and “3.0x”. From Table 2f we can see that increasing

the scale of the generated images from “0.5x” to “2.0x” can

improve the generalization ability of the model. Neverthe-

less, when more images are generated and the ratio reaches

“3.0x” the performances decrease on both the intra and the

outer test set. We believe that unbalanced proportions intro-

duce more noise and make the model more inclined to learn

2D’s ability. More results of generated images can be found

in the appendix.
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pc pred sem pred ins pred bbox pc pred sem pred ins pred bbox

Figure 4. Qualitative results. The first two rows of input point clouds data come from the outer-test in PartNet, and the last two rows are

from AKB-48. “pc”, “pred”, “sem”, “gt”, “ins”, “bbox” stand for point cloud, prediction, semantic segmentation, ground truth, instance

segmentation, prediction bounding box. Best viewed in color.
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Figure 5. Manipulation in Simulator. Input the prediction re-

sults of the pose prediction network, and the robot arm can locate

the position of the part and perform the corresponding operation

according to the part category.

4.4. Part based Manipulation.

After obtaining accurate part perception results, we cal-

culate the poses of objects’ parts via the Pose Estimation

network. Then we move the robot arm toward the target

part, turn the gripper in the direction suitable for grabbing,

and then close the gripper. Finally, we move the gripper

along the GAPart part classes’ trajectories toward the target

position. The results in Figure 5 show successful controlling

operations of object manipulation including “turn the knob”,

“pull the drawer”, and “open the door”.

5. Conclusion

We introduce DisCo, a method that queries, learns, and

distills common affordance to create robust and distinctive

representations for perceiving actionable parts. Leveraging

a Large Language Model and a diffusion model, DisCo har-

nesses rich visual and functional interaction details to capture

common affordance information among objects’ actionable

parts. This information is encoded into fine-grained image

features and then distilled from 2D to 3D point features.

Experimental results showcase DisCo’s exceptional gener-

alization capabilities and highlight its substantial impact on

enhancing actionable part perception, thereby improving

open-world object manipulation.
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