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Abstract
Affordance understanding bridges visual perception and physical action, serving
as an explainable interface for robot manipulation in open and unstructured real-
world environments. Yet, building an affordance foundation model that not only
understands where and how the interaction should happen, but also generalizes
across diverse environments, objects, and tasks, remains a long-standing research
challenge. Existing methods typically address only part of this challenge, either
localizing task-relevant regions without specifying executable motion, or predicting
motion but with limited scalability. In this paper, we present AFUN, a step
towards an affordance foundation model for functionality understanding. From a
single RGB-D observation and a language task description, AFUN predicts a task-
conditional functional mask (where to interact) and a 3D post-contact motion curve
(how to interact). To support open-world generalization, we build a large-scale
standardized data pipeline that converts heterogeneous robot, human, simulation,
and real-world scan data into a shared affordance schema with language, masks,
and object-centric 3D motion labels. We evaluate AFUN from three aspects: for
affordance segmentation, AFUN outperforms all baselines by a large margin across
8 test sets from 4 benchmarks, improving mean gIoU/cIoU by +23.9/+26.3; for
contact-point prediction, it predicts substantially more accurate points, with a
12.7–61.3% hit-rate gain over the best baseline; and for 3D motion, it achieves
the best performance on all three test sets. AFUN can be deployed for real-
world robot manipulation without finetuning for robot embodiment or using task-
specific heuristics, demonstrating the ability to adapt to open-world affordance
tasks. Project page: https://www.zhaoningwang.com/AFUN

1 Introduction

Imagine stepping into a brand-new bedroom; a human can immediately understand which object
can do what, and how to do it. For instance, a drawer can be opened or closed from its handle, and
a human can identify the exact grasping location before the actual action. This concept of visual
affordance [20] to understand objects’ functionalities underpins human’s capability to perform daily
tasks in unstructured real-world environments [70, 63]. In robotics and embodied AI, affordance
understanding serves as a crucial and explainable interface between visual understanding and physical
action. Yet, building a foundation model for affordance understanding that can scale across diverse
environments, objects, and tasks is a long-standing research challenge.

There are three interconnected requirements when building such an affordance foundation model.
(I) The dataset used to train the model must reflect the diversity of real-world manipulation tasks
to enable generalization, rather than being collected from narrow domains or a closed set of object
categories. (II) The model needs to accurately produce instruction-conditioned segmentation masks:
not only locating where robots can interact with, but also adapting to the instruction, since the same
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Figure 1: Overview of AFUN. (a) We �rst build a data pipeline to gather a large-scale diverse
dataset for affordance understanding. (b) With such a dataset, we then train AFUN to predict a
task-conditional functional segmentation mask and a 3D motion trajectory, conditioned on an RGB-
D observation and a language task phrase. (c) AFUN can generalize to open-world images for
functionality understanding and (d) is directly deployable to the real robot for manipulation.

object affords different regions under different tasks. (III) To make the interaction actionable for
robots, the model must further predict how the interaction should be performed, with a 3D motion
representation that a robot can follow. The 3D motion should remain expressive enough to capture
diverse behaviors and structured enough for stable supervision and robot execution.

In practice, however, existing affordance methods focus mainly on the second requirement alone,
formulating the problem as static segmentation [73, 47], keypoint detection [88], or reasoning-based
grounding [70]. These approaches can localize interaction regions, but they do not characterize
how the object should move after interaction. For the methods focusing on the third requirement,
some predict motion in 2D [79, 2], leaving robot execution ambiguous when lifting into 3D, while
others [87] require heuristic localization of actionable objects. Beyond limitations on each modality,
most current deep-learning models for affordance understanding [79, 2, 7, 87] still fall short of
open-world generalization due to small-scale datasets with limited diversity.

To address these gaps, we present AFUN, a step toward an open-world affordance foundation
model. First, we build a large-scale standardized data pipeline that converts public robot, human,
and simulation datasets into coherent affordance data with task descriptions, functional masks and
3D motions, extending the current affordance dataset towards one of the largest public affordance
datasets to date (Figure 1 (a)). Then, we introduce a uni�ed affordance foundation model that jointly
predicts where to act (functional segmentation) and how the interaction should happen (3D motion,
represented as a Bézier spline curve), conditioned on text instructions from users and robot-native
RGB-D observations, as shown in Figure 1 (b). The mask can then be unprojected into 3D points for
robots to perform action leveraging downstream grasping modules such as AnyGrasp [18].

We evaluate AFUN on 8 segmentation-based affordance benchmarks and 3 motion-based benchmarks.
AFUN reaches 69.3 mean segmentation gIoU, compared with 45.4 for the strongest segmentation
baseline [70]; for motion prediction, it surpasses standalone baselines [79, 2, 7] by a substantial
margin. AFUN also demonstrates strong generalization capability when qualitatively evaluated on
open-world images (Fig. 1(c)). Furthermore, we deploy AFUN on a real robot for manipulation.
Without any robot-speci�c �netuning, AFUN can predict precise mask and motion for robot to plan
and execute a successful path for manipulation, as illustrated in Fig. 1 (d) and Fig. 7.

2 Related Work

Affordance localization. Affordance localization mainly asks where a task-speci�ed interaction
is possible with various grounding representation. Dense 2D methods cover classical instance- and
part-level segmentation [55, 14], weakly supervised cross-view grounding [46, 37, 29, 78], egocentric-
and human-video mask supervision [38, 24, 47], LISA-style SAM grounding from LLM hidden
states [36, 58], two-stage VLM-to-segmenter pipelines using LLM-emitted coordinates or boxes [70,
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Figure 2: Uni�ed data collection pipeline. We �rst aggregate data from various sources into a
uni�ed format (gray), then use Qwen3-VL [3] and SAM3 [50] to generate a functional affordance
mask and a 2D tracking (green), and �nally back-project them to obtain a 3D trajectory, which can be
�t to a Bézier spline curve (blue). This scalable pipeline yields standardized, high-�delity annotations
with RGB-D observation, text phrase, mask, and 3D motion curve for training. (Best viewed in color.)

40, 26, 6], and language-conditioned SAM-style benchmarks and decoders [73, 68, 30, 27]. Sparse
alternatives predict contact points or keypoints, including language-conditioned image keypoints [88],
3D keypoint quadruplets encoding contact location and direction [44], and cross-category contact
transfer by semantic correspondence or retrieval [32, 35]. 3D approaches use point clouds, from
foundational benchmarks and 2D-to-3D interaction grounding [13, 80] to open-vocabulary and
language-conditioned 3D-MLLM grounding [56, 60, 45, 93, 9, 85, 71], cross-instance or object-to-
object transfer [67, 15], and video-driven MLLM learning from human-object interaction [69, 48].
Hand-centric work localizes functional grasps and dexterous contacts, from category-level grasp
generation [10] and language-guided task-oriented grasping [65, 91, 86] to dexterous and �nger-
speci�c affordance prediction [72, 22]. These lines leave post-contact motion—how the object should
move—largely unspeci�ed, motivating AFUN's joint mask-and-motion formulation.

Motion representations for affordance. Motion-focused affordance work asks how the object
should move after contact, with representations varying in granularity and structure. Some meth-
ods use discrete prompts or parametric articulation: elementary push/pull types tied to actionable
regions [52], scene-level functional categories with motion type and axis [12], or openable-part
motion-parameter regression for articulated objects [31, 61, 39]. Others predict continuous interaction
geometry, including dense visual action trajectories and per-point 3D articulation �ow [75, 16, 90, 59],
egocentric contact heatmaps and 6-DoF object trajectories [83, 84], hand and wrist trajectories dis-
tilled from in-the-wild videos [2, 7], and 2D point tracks or 3D object-point �ow as foundation
affordance [5, 87]. A third group uses affordance to condition policies, including diffusion-policy
and �ow-matching action generators guided by 3D contact and post-contact trajectories [76, 92, 89],
hierarchical spatial-affordance plus low-level execution schemes [79, 54], and semantic 3D �ow for
generative control [8]. Rather than outputting discrete motion types, dense �ow, hand/end-effector
trajectories, or policy-conditioning signals, AFUN predicts a compact, object-centric 3D motion
curve jointly with the functional mask.

Affordance data pipelines and datasets. Affordance supervision can be categorized by annotation
target, motion source, and labeling cost. Directly annotated datasets cover early RGB-D part-
affordance benchmarks [53], image-level functional grounding datasets [46, 73, 70, 68], scene- and
shape-level 3D functional annotations [13, 12], robot-manipulation benchmarks [64, 23], and human-
video-derived datasets [47, 24, 83]. Beyond static affordance labels, trajectory and motion supervision
is obtained from internet-video hand and wrist trajectories [2, 7], egocentric 6-DoF object trajectories
with action descriptions [83, 84, 82], hand-object pose tracking datasets [4], scene-level 3D motion
benchmarks [12], and simulated articulated-object interactions [52, 75, 16, 90]. To reduce labeling
cost, automatic or weakly supervised pipelines derive affordance labels from foundation-model
distillation without dense annotation [63], egocentric-video affordance extraction [38, 24], large-
scale human-behavior mining [47], part-prior weak supervision [78], generative-AI augmentation
for VLM affordance learning [23], and MLLM-assisted grounding from human-object-interaction
videos [69, 48]. Despite these efforts, existing resources remain limited in scale, especially for 3D
motion supervision; AFUN addresses this gap with an extensible pipeline that aggregates one of the
largest motion-affordance datasets to date.
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3 Data Pipeline for AFUN

Open-world affordance learning requires a large-scale dataset that covers diverse scenarios, tasks,
objects, and action sequences while providing ground truth on what to manipulate (segmentation)
and how to manipulate (motion). Existing datasets are either too small or only contain part of the
information. In this paper, we build a uni�ed data pipeline (Figure 2) and curate a wide range of
publicly available data, including robot demonstrations, egocentric human videos, and simulated
interactions. We annotate all the data with a common affordance schema. Each data sample contains
an RGB-D observation with a task description, a functional affordance mask, and a compact 3D
motion trajectory.

Dataset Curation. We curate datasets whose videos capture object interactions for functional
purposes and have visible action regions and object motions. Based on these criteria, we gathered
321,190 raw videos from 10 public sources, spanning human demonstrations [51, 21, 17, 11], robot
demonstrations [33, 17, 1, 74, 25], simulation data [49, 28], and real-world scans [12]. Since a
recording may contain multiple actions, we split the video episodes into action intervals, resulting
in 1,242,740 intervals to start with. Such broad source data pool provides us with diverse object
categories, camera viewpoints, interaction tasks, and embodiments to construct our dataset. Further
details are provided in Appendix B.

Dataset Preprocessing. To annotate at scale, we �rst preprocess all the above datasets into a
common interval-based format, as illustrated in Fig. 2-Gray. For each video episode in the datasets,
we �rst decompose action intervals with existing annotations or per-dataset heuristics. Then for
each action, we extract standardized schema, consisting of an input observation RGB-D frame, task
language, camera parameters, and corresponding interval video clips. Dataset-speci�c adapters also
resolves raw storage formats and normalizes cameras. For moving-camera videos, we use camera
poses to express tracked points in the camera canonical coordinate space of the observation frame.
We also use monocular depth estimators [62, 41] to improve depth quality. The dataset pre-processing
steps are generally dataset-dependent. Further details are in Appendix B.1.

Figure 3: Object trajectory vs. gripper heuristics. Prior
datasets often use hand or gripper trajectories as motion
heuristics, but these can involve unwanted pre-contact motion
(right). We track the object motion itself, which is more
straightforward (left).

Annotating Object Tracks and Masks. Prior
works often use hand or gripper trajectories as the
motion signal for affordance. However, this can
entangle the undesired pre-contact hand motion
with affordance-relevant post-contact object mo-
tion, as shown in Figure 3 (right). Instead, we use
the tracking of the object as the post-contact mo-
tion in our affordance foundation model (Figure 3,
left), as it directly indicates how the object moves
after contact from a robot or a human. To obtain
the tracking, we �rst use a vision-language model
to generate a short manipulable-part query from
the task instruction and the observation/contact
frames, then use SAM3 [50] to track the manipulated object across the action interval (Figure 2-
Green). This step produces an object-centric motion trajectory and a functional affordance mask.

Optimizing 3D Motion Curves. With the object mask and tracking trajectory, we recover the
object's 3D motion trajectory by back-projecting the tracked masks and taking the mean of the 3D
points positions in each frame. The resulting discrete path, however, is typically non-uniformly
sampled and exhibits noise due to depth estimation errors and tracking inconsistencies. To address this,
we �t a smooth parametric curve and convert it into our �nal canonical motion representation (Bézier
spline curve) for training. The process is outlined in Fig. 2-blue, with more detail in Appendix B.2.

Filtering and Dataset Statistics. Before �ltering, our data pool contains 1,242,740 action intervals
spanning robot teleoperation, human egocentric recordings, simulation, and real-world scans. At
each step of processing, we �lter low-quality clips, such as those with poor task grounding, occlusion,
unreliable segmentation, and insuf�cient motion. Each step removes around 1/2 of the samples,
eventually resulting in 223,334 samples with valid motion labels. We then perform manual annotation
and quality control, and retain 59,867 training samples for AFUN. A dataset at this scale exposes the
model to diverse interaction types, object categories, camera viewpoints, and embodiments.
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Figure 4: AFUN architecture. Starting from an RGB-D input and a task prompt, a frozen Qwen
VLM encodes the language instruction into semantic tokens and motion tokens, and a 3D encoder
converts the depth observation into geometric features. With the language information encoded, the
segmentation model generates the affordance segmentation mask from the RGB, while the motion
decoder takes 3D features, task-conditioned context, and per-object features to produce a relative
3D motion prediction. Together, the mask and trajectory form the �nal deployable 3D affordance
prediction. (Best view in color.)

4 Method

AFUN takes an RGB-D observation and a task phrase as input, and jointly predicts a task-conditioned
functional segmentation mask, along with a 3D post-contact motion curve in a single forward pass. As
shown in Fig. 4, our model uses a simple architecture with two main components. First, we leverage
the MetaQuery mechanism [57] to connect a frozen Vision-Language Model (Qwen3-VL [3]) with
a segmentation model (SAM3 [50]) to predict functional masks. Second, we use a 3D feature
encoder [77] and a transformer decoder to predict 3D post-contact motion, represented as a Bézier
spline curve. We describe the detailed network architecture in §4.1 and the training scheme in §4.2.

4.1 Network Architecture

MetaQuery Conditioning. Introduced by Pan et al.[57], MetaQuery serves as an interface to
connect a frozen VLM with downstream models. In particular, a small set of learnable special tokens
is appended to the VLM's input prompt and processed through the transformer. The hidden states
in the �nal layer of the VLM serve as a compact conditioning feature for the downstream model.
Pan et al.[57] show that this approach can extract detailed visual conditions and transfer reasoning
capabilities to multimodal generation tasks, such as image editing.

We bring the MetaQuery approach to our affordance prediction model, incorporating the rea-
soning capabilities from the VLM for functional mask segmentation and motion understand-
ing. Speci�cally, we maintain two sets of learnable tokens:mq s = fhmq s

0i; : : : ; hmqs
N s �1 ig ,

mq m = fhmq m
0 i; : : : ; hmqm

N m �1 ig , where the �rst setmq s connects the VLM with the segmen-
tation model, and the secondmq m connects it with the motion prediction model. The two sets of
learnable tokens are appended to the input prompt together and processed through the transformer
in Qwen3-VL [3]. The last hidden states of each set of tokens are then fed into the downstream
segmentation and motion model, respectively. This joint formulation allows both the segmentation
and motion models to share reasoning capabilities from VLMs within a single forward pass.

Segmentation and Motion Decoding. With the MetaQuery tokens from VLMs, we predict the
functional segmentation mask and 3D post-contact motion. For segmentation prediction, we primarily
use SAM3 [50]. Speci�cally, the semantic MetaQuery tokensmq s are �rst mapped by a two-
layer MLP into SAM3's language-feature space. They are then passed through SAM3's mask
decoder, which predicts per-detection boxes, masks, and object query features that are used for
motion prediction. By leveraging pretrained Qwen3-VL and SAM3, our model inherits the prior
knowledge learned from large-scale pretraining for functional segmentation understanding. For
motion prediction, we additionally encode the point cloud (unprojected from the depth input) with
a pretrained Sonata [77] network to provide 3D information, then project it back to images space
and pool to geo features. Afterwards, the motion decoder, which is a transformer decoder with
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