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Figure 1. AffordGen overview. (a) Diverse trajectory generation for novel objects via one-shot demonstration. (b) Superior performance

against powerful baselines. (c) Real-world generalization to unseen objects from a single source.

Abstract

Despite the recent success of modern imitation learning

methods in robot manipulation, their performance is often

constrained by geometric variations due to limited data di-

versity. Leveraging powerful 3D generative models and vi-

sion foundation models (VFMs), the proposed AffordGen

framework overcomes this limitation by utilizing the seman-

tic correspondence of meaningful keypoints across large-

scale 3D meshes to generate new robot manipulation tra-

jectories. This large-scale, affordance-aware dataset is then

used to train a robust, closed-loop visuomotor policy, com-

bining the semantic generalizability of affordances with the

reactive robustness of end-to-end learning. Experiments in

simulation and the real world show that policies trained

with AffordGen achieve high success rates and enable zero-

shot generalization to truly unseen objects, significantly im-

proving data efficiency in robot learning.

1. Introduction

Visuomotor imitation learning has achieved impressive

progress in robotic manipulation [2, 10, 12, 28, 29, 36].

However, its practical deployment is hindered by two funda-

mental challenges: the prohibitive cost of collecting large-

scale, high-quality human demonstrations, and the poor

generalization of learned policies to novel objects and sce-

narios not encountered during training [35]. This reliance

on extensive demonstration constrains the applicability of

imitation learning in diverse real-world applications.

Synthetic data generation offers one promising rem-

edy. Recent works like DemoGen [33] can expand a sin-

gle demonstration into hundreds of spatially diverse tra-

jectories, greatly improving data efficiency. Nevertheless,

these approaches face a critical limitation: they primarily

augment spatial relationships for a single object instance.

As a result, they inherit the restricted semantic scope of

the source demonstration and generalize poorly beyond the



source object. They also focus more on the translation in-

variance of the given task, exhibiting a limited ability to deal

with different orientations.

Affordance-based methods, such as Robo-ABC [8] and

DenseMatcher [39], leverage semantic correspondence to

transfer affordance knowledge to unseen objects. They

can transfer the manipulation method of one instance of

an object to the other, enabling one-shot imitation learn-

ing methods with cross-category generalization, such as

FUNCTO [23] possible. However, these approaches are

typically planning-centric, and rely heavily on the accu-

racy of the mapped affordance point and the planning al-

gorithm. The execution of the policy just follows the pre-

computed, open-loop trajectories, lacking the reactive abil-

ity of learning-based closed-loop policies. Thus, while af-

fordance research is highly active, a systematic approach to

effectively integrate this semantic knowledge into learning-

based pipelines is still missing.

In this work, we introduce AffordGen, a novel frame-

work that repurposes affordance information as a genera-

tive prior for policy learning. AffordGen produces feasi-

ble training data on unseen objects that may come from a

different category. Starting from a few human demonstra-

tions, we establish correspondences between the demon-

strated object’s keypoints and a large set of unseen 3D mod-

els. Then, we synthesize diverse yet semantically grounded

trajectories in the style of DemoGen, but crucially over

novel object instances and full 6D spatial relations. In

this way, AffordGen scales a handful of demonstrations

into thousands of high-quality, affordance-aware trajecto-

ries that cover a diverse realm of objects.

The key innovation of AffordGen lies in its novel use

of affordance knowledge to generate trajectories. We ar-

gue that affordance knowledge is best utilized not through

online planning, but as a powerful guide of data genera-

tion. By leveraging affordances to generate a large, diverse

dataset of plausible trajectories, we can then train a reac-

tive, closed-loop visuomotor policy that inherits both the

semantic generalizability of affordances and the robustness

of end-to-end learning.

AffordGen demonstrates impressive performance on

both simulation and real-world tasks, achieving an aver-

age performance boost of 24.1% and 24.3% over the best

baseline on simulation and real tasks. It can generate thou-

sands of meaningful trajectories over hundreds of different

meshes, achieving a high success rate from as few as one

source demonstration. AffordGen boosts the model perfor-

mance on both generated “seen” objects and truly unseen

objects that are not in the generated dataset. Beyond these

abilities, it also has the potential to generate new data on

completely different objects, as long as they share the same

manipulation type. We also find that the object-level gener-

ation ability increases first and then decreases as we extend

the generation to more unseen objects, guiding future cross-

instance generation works. The contribution of AffordGen

can be summarized below:

• We introduce AffordGen, a novel framework that re-

purposes affordance correspondence as a generative

source, enabling the synthesis of diverse and semanti-

cally meaningful demonstrations.

• We demonstrate that our method can scale a minimal

number of human demonstrations into thousands of

trajectories across novel object categories and full 6D

poses, overcoming the semantic and geometric limita-

tions of prior data augmentation techniques.

• We validate through extensive experiments that poli-

cies trained with AffordGen achieve significant zero-

shot generalization to unseen objects, presenting a

new paradigm for data-efficient robot learning.

2. Related Works

2.1. Data Generation for Robot Manipulation

Automated data generation techniques for robot manipula-

tion have great potential to alleviate the data problem of

embodied AI. These methods primarily fall into two cat-

egories: adapting existing demonstrations and generating

new data from scratch.

The first paradigm, trajectory adaptation, is exemplified

by MimicGen [14] and its variants [4, 7, 16], which seg-

ment a few source demonstrations into object-centric skills

and replay them in new spatial configurations. While pow-

erful, these methods rely on costly on-robot or in-simulation

rollouts to capture the final interaction data. DemoGen [33]

addresses this bottleneck by introducing a fully synthetic

pipeline that generates paired actions and observations from

direct 3D point cloud editing. More related to our ap-

proach, CPGen [11] extends DemoGen by stretching and

transforming the source mesh to improve the diversity of

generated data and the generalization ability of the policy.

These methods, however, are still limited to the source ob-

ject and have poor generalization ability to unseen objects

even within the same category.

The second paradigm leverages large-scale generative

models to create data from scratch. Systems like Gen-

Sim [30], GenSim2 [6], and RoboGen [31] use Large Lan-

guage Models (LLMs) to propose novel tasks, generate cor-

responding scenes, and script automated solvers to create

demonstrations. This approach excels at generating task-

level diversity but is limited by the capability of the under-

lying automated solvers, which may not match the quality

of human demonstrations. Orthogonal to this, another line

of work [1, 5, 13, 34] uses diffusion models to augment the

visual appearance of existing data, enhancing a policy’s vi-

sual robustness but not its ability to generalize to new spatial

configurations or object types.
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Figure 2. 1. AffordGen takes in a source expert demonstration and splits it into different functioning segments. 2. We extract keypoints on

the source object and establish correspondences between them and many target objects in 3D space through visual foundation models. 3.

By transferring the task-related segments and planning the transition segments, AffordGen can generate diverse and large-scale trajectories

on both in-category and cross-category objects.

2.2. Semantic Correspondence for Manipulation

Early research on semantic correspondence for manipula-

tion relies on visual descriptors and semantic keypoints,

such as DON [3], kPAM [15], and NDF [21], which en-

abled instance-level transfer by aligning consistent geomet-

ric or appearance features. Current works exploit foun-

dation models like diffusion models [25, 37] for semantic

alignment, and recent studies have extended such capabil-

ities to robotic manipulation by leveraging semantic corre-

spondence for affordance transfer across objects and cate-

gories [8, 9, 23, 32, 39]. Beyond these, other lines of re-

search further explore semantic correspondence in different

contexts: MimicFunc [24] transfers functional correspon-

dences from human videos to novel tools, and HRP lever-

ages human affordances for robotic pre-training [22].

Although these methods expand the scope of semantic

correspondence, most still treat affordances merely as map-

ping signals, using them to locate contact points and relying

on planners for execution, thus lacking true reactivity and

flexibility. In contrast, AffordGen transforms affordances

from static mappings into generative sources, synthesiz-

ing large-scale, diverse, and semantically consistent demon-

strations that not only span across instances and categories

but also provide rich data for training visuomotor policies,

thereby achieving stronger generalization and adaptability.

3. Methodology

3.1. Problem Formulation

Like many prior online planning works [18, 23] for robotic

manipulation, we decompose a manipulation task into three

distinct stages Ω = {ΩG,ΩS ,ΩT }, where ΩG denotes the

grasp stage during which the robot closes its gripper to se-

cure the object. ΩS denotes the skill stage where the robot

manipulates the grasped object to accomplish the task, like

pouring tea into the tea cup, and ΩT denotes the transition

stage that connects the two other stages without collision.

At each timestep t within a stage, the robot takes in its cur-

rent visual observation oet and proprioception observation

ost , and outputs a corresponding action at. AffordGen uses

point clouds as the input type of oet because of its simplicity

and special structure in 3D space that can be easily manip-

ulated to generate new data.

The generation strategy of AffordGen is inspired by the

intuition shared across the grasp and skill stages: despite

the shapes and sizes of the objects manipulated in a given

task varying, the semantic information embedded in their

trajectories remains similar. In the following sections, we

will discuss: (1) how to extract semantic information from

the grasp and skill stages in the original demonstrations; (2)

how to map this information onto large-scale 3D meshes

different from the source; and (3) how to generate a large



set of diverse demonstrations from the source trajectory.

3.2. Source Demonstration Pre­processing

Given an expert demonstration, we consider extracting three

types of information: the grasping time tgrasp at which the

gripper closes during ΩG; the skill segment τs where the

actions crucial to the task’s success are performed; and the

keypoints of the manipulated object in the original data,

namely the affording point and the function point.

The grasping time tgrasp can be directly extracted accord-

ing to the end-effector state information from the expert

demonstration. The skill segment τs can be detected either

through the video reasoning capabilities of vision-language

models (VLMs) or by direct human annotation. The af-

fording point refers to the contact point between the gripper

and the object, while the function point refers to the point

the tool interacts with other objects to accomplish the task.

Both points are defined in 3D space, and can be readily rec-

ognized and annotated by VLMs or humans. As we only

have a limited number of demonstrations, this process re-

mains straightforward and efficient.

The point cloud used as visual input is derived from

an RGB-D camera. On the raw RGB images, we employ

SAM2 [19] to segment the objects involved in the task into

four categories: robot, object, goal, and others. The seg-

mentation labels on the 2D images are then mapped onto the

point cloud along with the pixel coordinates, resulting in a

segmented point cloud. Following the settings of DP3 [36]

and DemoGen, we further remove the background and floor

from the obtained point cloud and then use Farthest Point

Sampling (FPS) to down-sample it, thereby extracting the

workspace point cloud Oe ⊂ R
3, which contains only the

points located within the robot’s workspace.

3.3. Semantic Correspondence on 3D Meshes

DI NOv2

Figure 3. Keypoints Correspondence in 3D Canonical Space. The

keypoints are mapped to the target mesh through DINOv2.

To enable the reuse of trajectory information from the

source demonstration, we need to establish correspon-

dences between the keypoints of the manipulated object in

the source demo and those on the new 3D meshes. While

semantic correspondence across 2D images has been ex-

tensively studied, robotic manipulation tasks require accu-

rate annotations in 3D space. Recent works have begun to

explore semantic correspondences across 3D meshes [39],

but these approaches have been trained only on small-scale

datasets, limiting their applicability to precise robotic ma-

nipulation tasks. To address this limitation, we propose a

simple yet effective approach that normalizes all 3D meshes

into a unified canonical space before mapping the 2D cor-

respondences onto the 3D meshes.

Formally, let the source mesh be denoted as Msrc, and let

its associated keypoint be x ∈ R
3, which lies in the local

frame of Msrc. Our objective is to find the corresponding

keypoint x′ on the target mesh Mtg. For any given mesh, its

pose is first normalized into the canonical space using a 6D

pose estimator [38]. We then perform parallel rendering to

obtain RGB-D images from n different camera views. The

pose of the i-th camera is denoted as Pi (i = 1, 2, . . . , n),
and the corresponding rendered image as Ii. Each image

Ii is fed into DINOv2 [17] to obtain its semantic represen-

tation Si. We select m nearest mesh vertices in the neigh-

borhood of x, denoted as vj (j = 1, . . . ,m). Each ver-

tex vj is projected onto the image Ii via forward camera

projection, resulting in the pixel coordinate uij . The cor-

responding pixel of vj on the target image is obtained by

maximizing the cosine similarity in the feature space of the

DINOv2 model:

utg
ij = argmax

u
CosSim

(

Ssrc
i [uij ], S

tg
i [u]

)

,

wij = CosSim
(

Ssrc
i [uij ], S

tg
i [utg

ij ]
)

.

All the matched pixels utg
ij are then unprojected into the

3D space, yielding candidate correspondences vtg
ij with as-

sociated similarity scores wij . Finally, the target keypoint

x′ in 3D space is obtained by weighted average:

x′ =

∑

i,j wij v
tg
ij

∑

i,j wij

.

3.4. Diverse Demonstration Generation

We follow a three-step approach to generate demonstrations

on new meshes. We consider a robotic manipulation sce-

nario where the end-effector manipulates an active object

to interact with a goal object. In this framework, the active

object is defined as the object being directly maneuvered by

the robot (e.g., a teapot), while the goal object is the object

that the active object acts upon (e.g., a cup).

3.4.1. Keypoint­constrained Trajectory Replay

Our goal is to efficiently transfer the grasp segment τg and

the skill segment τs from source demonstrations to novel

objects. We leverage the correspondence between the af-

fording points (xaff, x
′

aff) and the function points (xfun, x′

fun),

following a simple yet effective assumption: when manipu-

lating objects of the same function class, the trajectories of



the end effector relative to the affording point remain sim-

ilar, while the trajectories of the function point relative to

the goal object remain similar as well. The function class

here extends the definition of object categories and refers to

objects that share similar functionality. For example, a mug

and a teapot share the same function of pouring water into

a cup. An illustration is shown in Figure 4.

Figure 4. Trajectory replay for grasp and skill segments. τg and τs
remain similar across all meshes.

To transfer the grasp segment τg , we first normalize

the end-effector segment τg into the local frame of the

source mesh by using the initial pose of the source object

Tinit. The normalized grasp segment can be expressed as

[τg]local
= T−1

init · [τg]world
. Given a new object mesh Mtg

with the associated affording point x′

aff, the new grasp seg-

ment in the local frame of Mtg can be obtained by

[

τ ′g
]

local
= [τg]local

− xaff + x′

aff

To transfer the skill segment τs, we first derive the tra-

jectory of the function point during the skill stage ΩS in the

world frame by leveraging its relative transformation to the

end effector T fun
ee . Thus, the function point trajectory in both

world and local frame can be expressed as

[τfun]world = T fun
ee · [τs]

[τfun]local = T−1

init · [τfun]world

respectively. For the new mesh Mtg and its function point

x′

fun, the new function trajectory in the local frame of Mtg

can be obtained by

[τ ′fun]local = [τfun]local − xfun + x′

fun

For any random pose configuration T ′ of mesh Mtg, the

new grasp segment and skill segment can be solved from
[

τ ′g
]

local
and [τ ′fun]local

by

[τ ′g] = T ′ ·
[

τ ′g
]

local

[τ ′s] = T ee
fun · T

′ · [τ ′fun]local

The resulting τ ′g and τ ′s correspond to the sequence of

end-effector poses in world frame for executing the skill on

the new mesh. The joint positions for each waypoint can be

further computed via an inverse kinematics (IK) solver.

3.4.2. Motion Planning for Transition Segment

In most robot manipulation tasks, the connection segment

between the grasp segment and the skill segment contains

much less meaningful information. Such trajectories do not

involve dynamic interactions between the robot arm and the

active object, nor between the active object and the goal ob-

ject. Therefore, it can be regarded as a collision-free free-

space motion between the grasping segment and the skill

segment. We employ motion planning to plan this trajec-

tory or utilize spherical linear interpolation [20] to directly

interpolate the path. We denote the resulting trajectory as

τmi
, where i represents the i-th free-motion segment during

the task. For example, the free motion segment between τ ′g
and τ ′s can be expressed as

τ ′m = MotionPlan
(

τ ′g[−1], τ ′s[0]
)

3.4.3. Point Cloud Digital Cousin Generation

After obtaining trajectories τ for novel objects, it is nec-

essary to transform the point cloud of the source data ac-

cordingly to align with these new trajectories and meshes.

DemoGen[33] achieves the generation of point clouds for

new trajectories by applying simple global translation and

rotation on the original point cloud. This approach is effec-

tive because the trajectories generated by DemoGen differ

from the original ones primarily by a positional shift. In

contrast, AffordGen aims to produce a variety of 3D mod-

els with diverse 6D poses within the workspace. To achieve

this, we directly render the robot and the manipulated object

point clouds from simulation, and then replace their coun-

terparts in the source demonstration. The resulting hybrid

real-simulated point cloud data mitigates the sim-to-real gap

while bypassing the tedious process of fully reconstructing

the environment in simulation. We employ parallel render-

ing to generate point clouds to achieve high throughput effi-

ciency. A visualization of the generated trajectory, in com-

parison to the source demonstration, is provided in Figure 5.

Apart from these approaches, we apply special modifi-

cations of the skill segment to deal with the occlusion prob-

lem. For a detailed discussion of the data generation scheme

and the generation quality, please refer to Appendix 9

4. Experiments

To validate our claims about the effectiveness of AffordGen

in generating data through the transfer of grasp segments

and skill segments, we conduct generalization experiments

in both simulation and the real world.

4.1. Simulation Experiments

4.1.1. Experiment Settings

We use ManiSkill3 [26] as the simulator and construct four

tasks involving both grasp and skill stages: teapot pouring,



Figure 5. Visualization of source and generated trajectory of the teapot pouring task. The upper line is the source trajectory, while the

lower line is a generated trajectory. Each trajectory is composed of three types of segments.

Figure 6. Simulative experiments setup: (a) Teapot Pouring, (b)

Mug Hanging, (c) Knife Cutting, (d) Shoe Organizing.

mug hanging, knife cutting and shoe organizing, as illus-

trated in Figure 6. For teapot pouring, the robot needs to

grasp the handle part of the teapot and then move and tilt the

teapot to position its spout above the target cup. For mug

hanging, the robot needs to grasp the mug by its handle,

move it, and insert the rack prong into the hole of the mug

handle. For knife cutting, the robot first grasps the handle

of the knife and then maneuvers it to make contact between

the blade and the target food. For shoe organizing, which

is a long-horizon and multi-object task, the robot grasps the

shoes at the heels and places both the nearer and the farther

shoes onto the shoe rack in correct orientation.

For each task, we collect one expert demonstration as a

reference for generation and generate 1000 demonstrations

using 3D mesh assets, from the PAM [38] dataset or 3D gen-

erative model [27]. The 3D meshes are randomly split into

seen and unseen subsets; the former is used for data gener-

ation and the latter for evaluation. For detailed information

on the 3D mesh dataset split and visualization, please refer

to Appendix 8.

We compare the performance with DemoGen [33] and

CPGen [11]. Similar to AffordGen, DemoGen also oper-

ates on 3D point clouds. We use the same source demon-

stration and generate 1000 trajectories using DemoGen. We

take DemoGen as one of the baselines to demonstrate that

AffordGen maintains its spatial generalization capability on

the original mesh when generalizing to unseen shapes. CP-

Gen generates demonstrations by stretching and transform-

ing the original object mesh, aiming to enhance shape gen-

eralization. We also generate 1000 trajectories, but stretch

them randomly in the scale range of the evaluation set. Note

that the original CPGen operates on RGBD data. For a fair

comparison, we adapt CPGen to work with the 3D point

cloud modality. The implementation details of the baselines

can be found in Appendix 7.

4.1.2. In­category Generalization Results

To thoroughly examine the efficiency of AffordGen on the

generalization capability of the learned policy, we perform

ablation studies on each task by fixing the total number

of demonstrations while varying the number of meshes

used for generation and the number of demonstrations per

mesh. Under each (#meshes, #demos per mesh) combina-

tion, the learned policy is evaluated on both source mesh

and 5-20 unseen meshes, where each mesh is tested 50 times

with randomly placed initial positions and orientations.

The detailed performance is shown in Table 1. We sep-

arate the results into two categories: “source” and “un-

seen”, corresponding to the performance on the source

mesh and the evaluation set of meshes. DemoGen, CP-

Gen, and AffordGen all achieve spatial generalization on

the source mesh, preserving the task information of the

source object over the entire workspace. Despite being

trained on extensive data for the source mesh, AffordGen

achieves comparable performance to DemoGen. By ap-

plying stretching and compression transformations, CPGen

augments the shape of the original object, leading to better

performance than DemoGen on unseen object tests. Af-

fordGen, through semantic-corresponding keypoints, sig-

nificantly expands the shape diversity of the generated data,

outperforming both DemoGen and CPGen across all tasks

by an average of 24.1% on unseen object tests on the best

100× 10 setting.

To further demonstrate the generalization range of our

method, we select 5 evaluation meshes and arrange them

based on their performance in Figure 7. The performance



#Mesh × #Demo
Teapot Pouring Mug Hanging Knife Cutting Shoe Aligning

Source Unseen Source Unseen Source Unseen Source Unseen

DemoGen (1×1000) 0.933± 0.009 0.131± 0.029 0.940± 0.043 0.402± 0.036 0.490± 0.037 0.224± 0.012 0.400± 0.050 0.212± 0.025

CPGen (1000×1) 0.713± 0.146 0.169± 0.070 0.900± 0.056 0.502± 0.027 0.747± 0.148 0.424± 0.003 0.550± 0.007 0.266± 0.024

AffordGen (20×50) 0.920± 0.086 0.353± 0.103 0.967 ± 0.025 0.683± 0.004 0.793 ± 0.057 0.565 ± 0.002 0.550± 0.100 0.438± 0.013

AffordGen (50×20) 0.927± 0.025 0.553 ± 0.039 0.777± 0.021 0.664± 0.033 0.647± 0.068 0.535± 0.006 0.588± 0.018 0.302± 0.089

AffordGen (100×10) 0.960 ± 0.043 0.519± 0.072 0.753± 0.098 0.707 ± 0.011 0.606± 0.090 0.510± 0.001 0.825 ± 0.035 0.588 ± 0.018

AffordGen (1000×1) 0.700± 0.123 0.242± 0.067 0.853± 0.082 0.642± 0.018 0.607± 0.207 0.542± 0.002 0.625± 0.025 0.425± 0.175

Table 1. Comparison of different Mesh-Demo configurations across simulative tasks.

gradually drops as the evaluation mesh becomes more dis-

similar from the source, but AffordGen remains high gener-

alization performance across all meshes.

Figure 7. Simulative evaluation results on different meshes

4.1.3. Zero­shot Cross­Category Results

By establishing correspondences between keypoints, Af-

fordGen can repurpose source demonstrations to generate

training data for cross-category objects. This synthetically

generated data can then be used directly to train policies on

novel object categories, as long as they share the same func-

tional affordance. To showcase such capability, we con-

ducted 3 zero-shot cross-category policy learning experi-

ments, namely, mug pouring (from teapot pouring), hand-

bag hanging (from mug hanging), and saw cutting (from

knife cutting). The simulation cross-category tasks are

shown in Figure 8.

Figure 8. Simulative cross-category tasks: (a) Mug Pouring, (b)

Handbag Hanging, (c) Saw Cutting.

As shown in Table 3, AffordGen demonstrates impres-

sive results in generating effective training data even for

out-of-category objects. It is the only method to achieve

a meaningful non-zero success rate on these new objects.

4.2. Real World Experiments

4.2.1. Experiment Settings

Real-world data generation is the most meaningful use case

of AffordGen. While it is tedious and costly to collect data

on thousands of different spatial relationships, it would be

prohibitive to do so on thousands of different real objects.

To demonstrate the effectiveness of AffordGen in real-

world generalization, we conduct the four simulation tasks

in the real world. For each task, 10 expert demonstrations

are collected to generate 1000 training demonstrations. Fol-

lowing DemoGen, we increase the number of real demon-

strations to avoid overfitting. After training solely on the

generated data, we evaluate the learned policies on a vari-

ety of previously unseen real objects.

(a) Teapot Pouring (b) Mug Hanging

(c) Knife Cutting (d) Shoe Organizing

Figure 9. Real-World experiments setup

In real-world experiments, we include another planning-

based method, FUNCTO [23]. FUNCTO serves as a rep-

resentative algorithm based on keypoint correspondence.

Similar to AffordGen, FUNCTO generates manipulation



Table 2. Comparison of different methods across real-world tasks.

#Mesh × #Demo
Teapot Pouring Mug Hanging Knife Cutting Shoe Organizing

Source Unseen Source Unseen Source Unseen Source Unseen

DemoGen (1×1000) 14/27 2/162 20/27 74/162 25/27 47/108 13/20 24/60

CPGen (1000×1) 10/27 15/162 19/27 69/162 23/27 88/108 18/20 30/60

AffordGen (100×10) 13/27 74/162 19/27 107/162 23/27 96/108 11/20 45/60

FUNCTO 10/27 50/162 7/27 48/162 21/27 61/108 15/20 19/60

Simulation Real-World

Algorithm / Tasks Teapot-Mug Mug-Handbag Knife-Saw Teapot-Mug Mug-Handbag Knife-Saw

AffordGen (ours) 55.00% ± 9.10% 83.07% ± 1.32% 40.22% ± 7.28% 14 / 27 7 / 12 9 / 27

CPGen 2.70% ± 2.50% 0.67% ± 0.50% 1.11% ± 1.00% 3 / 27 0 / 12 1 / 27

DemoGen 0.70% ± 0.90% 0.27% ± 0.38% 1.56% ± 0.38% 0 / 27 0 / 12 1 / 27

Table 3. Comparison of success rates on cross-category generalization tasks under simulation and real-world settings.

trajectories for new objects through semantic mapping.

Leveraging large language models and visual foundation

models, it performs path planning according to keypoint

correspondences. We include FUNCTO to highlight the

differences between AffordGen and affordance-based open-

loop planning algorithms, and demonstrate how AffordGen

overcomes the limitations of such approaches.

4.2.2. In­category Generalization Results

We first conduct in-category experiments on the source ob-

ject and a sufficiently diverse set of unseen test objects. The

task setups are illustrated in Figure 9, while the detailed

evaluation setting can be found in Appendix 7.

For a fair comparison, we evaluated all test objects under

a fixed set of poses: 27 poses (9 positions x 3 orientations)

for most tasks, and 10 poses (2 positions x 5 orientation)

specifically for the shoe task due to its long-horizon nature.

The results are presented in Table 2. We see a similar

pattern to the simulation tasks: with only a small amount of

real-world expert data, DemoGen, CPGen, and AffordGen

all achieve high success rates across the entire workspace

on the source mesh, while CPGen significantly outperforms

DemoGen in most unseen tests, and AffordGen further

beats both baselines.

FUNCTO’s performance heavily depends on the selec-

tion of correspondence points, which is often compromised

by factors such as occlusion of key parts and large view

perspective differences between source and target objects.

When the key regions of the target object remain clearly

visible, such as knife cutting, FUNCTO maintains a rela-

tively high success rate. However, in scenarios with large

orientation variations and occlusion, such as mug hanging,

FUNCTO yields the worst performance among all baseline

methods. Benefiting from the 3D space correspondences

and training on large-scale generated data, AffordGen im-

plicitly learns the relationships between affording points,

function points, and object shapes, effectively resolving the

keypoint occlusion issues common in planner-based meth-

ods.

4.2.3. Zero­shot Cross­category Results

We establish a real-world setup identical to the simulation

for cross-category testing, as shown in Figure 10. The ex-

perimental results in Table 3 demonstrate that AffordGen

can effectively generate cross-category object manipulation

data in the real world, thereby further expanding real-world

robot capabilities with low cost.

Figure 10. Real cross-category tasks settings: (a) Mug Pouring,

(b) Handbag Hanging, (c) Saw Cutting.

5. Conclusion

AffordGen addresses the data scarcity and generalization

problem in robotic learning. This work presents a new

paradigm that leverages affordance correspondence as a

generative source to scale minimal demonstrations into

thousands of diverse, semantically-grounded, and full 6D

trajectories across object categories. Policies trained on this

synthetic dataset achieve robust, closed-loop control and

demonstrate strong generalization to truly unseen objects,

indicating great potential for large-scale real-world applica-

tions.
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