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Abstract
Affordance understanding bridges visual perception and physical action, serving1

as an explainable interface for robot manipulation in open and unstructured real-2

world environments. Yet, building an affordance foundation model that not only3

understands where and how the interaction should happen, but also generalizes4

across diverse environments, objects, and tasks, remains a long-standing research5

challenge. Existing methods typically address only part of this challenge, either6

localizing task-relevant regions without specifying executable motion, or predicting7

motion but with limited scalability. In this paper, we present AFUN, a step8

towards an affordance foundation model for functionality understanding. From a9

single RGB-D observation and a language task description, AFUN predicts a task-10

conditional functional mask (where to interact) and a 3D post-contact motion curve11

(how to interact). To support open-world generalization, we build a large-scale12

standardized data pipeline that converts heterogeneous robot, human, simulation,13

and real-world scan data into a shared affordance schema with language, masks,14

and object-centric 3D motion labels. We evaluate AFUN from three aspects: for15

affordance segmentation, AFUN outperforms all baselines by a large margin across16

8 test sets from 4 benchmarks, improving mean gIoU/cIoU by +23.9/+26.3; for17

contact-point prediction, it predicts substantially more accurate points, with a18

12.7–61.3% hit-rate gain over the best baseline; and for 3D motion, it achieves the19

best performance on all three test sets. AFUN can be deployed for real-world robot20

manipulation without finetuning for robot embodiment, demonstrating the ability21

to adapt to open-world affordance tasks.22

1 Introduction23

Imagine stepping into a brand-new bedroom; a human can already understand which object can24

do what, and how to do it. For instance, a drawer can be opened or closed from its handle, and25

a human can identify the exact grasping location before the actual action. This concept of visual26

affordance [20] to understand objects’ functionalities underpins human’s capability to perform daily27

tasks in unstructured real-world environments [69, 62]. In robotics and embodied AI, affordance28

understanding serves as a crucial and explainable interface between visual understanding and physical29

action. Yet, building a foundation model for affordance understanding that can scale across diverse30

environments, objects, and tasks is a long-standing research challenge.31

There are three interconnected requirements when building such an affordance foundation model.32

(I) The dataset used to train the model must reflect the diversity of real-world manipulation tasks33

to enable generalization, rather than being collected from narrow domains or a closed set of object34

categories. (II) The model needs to accurately produce instruction-conditioned segmentation masks:35

not only locating where robots can interact with, but also adapting to the instruction, since the same36

object affords different regions under different tasks. (III) To make the interaction actionable for37

robots, the model must further predict how the interaction should be performed, with a 3D motion38
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Figure 1: Overview of AFUN. (a) We first 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 is directly deployable to the real robot for manipulation (d).

representation that a robot can follow. The 3D motion should remain expressive enough to capture39

diverse behaviors and structured enough for stable supervision and robot execution.40

In practice, however, existing affordance methods focus mainly on the second requirement alone,41

formulating the problem as static segmentation [72, 46], keypoint detection [87], or reasoning-based42

grounding [69]. These approaches can localize interaction regions, but they do not characterize43

how the object should move after interaction. For the methods focusing on the third requirement,44

some predict motion in 2D [78, 2], leaving robot execution ambiguous when lifting into 3D, while45

others [86] require heuristic localization of actionable objects. Beyond limitations on each modality,46

most current deep-learning models for affordance understanding [78, 2, 7, 86] still fall short of47

open-world generalization due to small-scale datasets with limited diversity.48

To address these gaps, we present AFUN, a step toward an open-world affordance foundation49

model. First, we build a large-scale standardized data pipeline that converts public robot, human,50

and simulation datasets into coherent affordance data with task descriptions, functional masks and51

3D motions, extending the current affordance dataset towards one of the largest public affordance52

datasets to date (Figure 1 (a)). Then, we introduce a unified affordance foundation model that jointly53

predicts where to act (functional segmentation) and how the interaction should happen (3D motion,54

represented as a Bézier spline curve), conditioned on text instructions from users and robot-native55

RGB-D observations, as shown in Figure 1 (b). The mask can then be unprojected into 3D points for56

robots to perform action leveraging downstream grasping modules such as AnyGrasp [18].57

We evaluate AFUN on 8 segmentation-based affordance benchmarks and 3 motion-based benchmarks.58

AFUN reaches 69.3 mean segmentation gIoU, compared with 45.4 for the strongest segmentation59

baseline [69]; for motion prediction, it surpasses standalone baselines [78, 2, 7] by a substantial60

margin. AFUN also demonstrates strong generalization capability when qualitatively evaluated on61

open-world images (Fig. 1(c)). Furthermore, we deploy AFUN on a real robot for manipulation.62

Without any robot-specific finetuning, AFUN can predict precise mask and motion for robot to plan63

and execute a successful path for manipulation, as illustrated in Fig. 1 (d) and Fig. 7.64

2 Related Work65

Affordance localization. Affordance localization mainly asks where a task-specified interaction66

is possible, differing by grounding representation. Dense 2D methods cover classical instance- and67

part-level segmentation [54, 14], weakly supervised cross-view grounding [45, 37, 29, 77], egocentric-68

and human-video mask supervision [38, 24, 46], LISA-style SAM grounding from LLM hidden69

states [36, 57], two-stage VLM-to-segmenter pipelines using LLM-emitted coordinates or boxes [69,70

40, 26, 6], and language-conditioned SAM-style benchmarks and decoders [72, 67, 30, 27]. Sparse71

alternatives predict contact points or keypoints, including language-conditioned image keypoints [87],72

3D keypoint quadruplets encoding contact location and direction [43], and cross-category contact73

transfer by semantic correspondence or retrieval [32, 35]. 3D approaches use point clouds, from74

foundational benchmarks and 2D-to-3D interaction grounding [13, 79] to open-vocabulary and75

language-conditioned 3D-MLLM grounding [55, 59, 44, 92, 9, 84, 70], cross-instance or object-to-76

object transfer [66, 15], and video-driven MLLM learning from human-object interaction [68, 47].77

Hand-centric work localizes functional grasps and dexterous contacts, from category-level grasp78
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Figure 2: Unified data collection pipeline. We first aggregate data from various sources into a unified format (gray),
then use Qwen3-VL [3] and SAM3 [49] to generate a functional affordance mask and a 2D tracking (green), and finally
back-project them to obtain a 3D trajectory, which can be fit to a Bézier spline curve (blue). This scalable pipeline yields
standardized, high-fidelity annotations with RGB-D observation, text phrase, mask, and 3D motion curve for training. (Best
viewed in color.)

generation [10] and language-guided task-oriented grasping [64, 90, 85] to dexterous and finger-79

specific affordance prediction [71, 22]. These lines leave post-contact motion—how the object should80

move—largely unspecified, motivating AFUN’s joint mask-and-motion formulation.81

Motion representations for affordance. Motion-focused affordance work asks how the object82

should move after contact, with representations varying in granularity and structure. Some meth-83

ods use discrete prompts or parametric articulation: elementary push/pull types tied to actionable84

regions [51], scene-level functional categories with motion type and axis [12], or openable-part85

motion-parameter regression for articulated objects [31, 60, 39]. Others predict continuous interaction86

geometry, including dense visual action trajectories and per-point 3D articulation flow [74, 16, 89, 58],87

egocentric contact heatmaps and 6-DoF object trajectories [82, 83], hand and wrist trajectories dis-88

tilled from in-the-wild videos [2, 7], and 2D point tracks or 3D object-point flow as foundation89

affordance [5, 86]. A third group uses affordance to condition policies, including diffusion-policy90

and flow-matching action generators guided by 3D contact and post-contact trajectories [75, 91, 88],91

hierarchical spatial-affordance plus low-level execution schemes [78, 53], and semantic 3D flow for92

generative control [8]. Rather than outputting discrete motion types, dense flow, hand/end-effector93

trajectories, or policy-conditioning signals, AFUN predicts a compact, object-centric 3D motion94

curve jointly with the functional mask.95

Affordance data pipelines and datasets. Affordance supervision can be categorized by annotation96

target, motion source, and labeling cost. Directly annotated datasets cover early RGB-D part-97

affordance benchmarks [52], image-level functional grounding datasets [45, 72, 69, 67], scene-98

and shape-level 3D functional annotations [13, 12], robot-manipulation benchmarks [63, 23], and99

human-video-derived corpora [46, 24, 82]. Beyond static affordance labels, trajectory and motion100

supervision is obtained from internet-video hand and wrist trajectories [2, 7], egocentric 6-DoF101

object trajectories with action descriptions [82, 83, 81], hand-object pose datasets used as trajectory102

context [4], scene-level 3D motion benchmarks [12], and simulated articulated-object interactions [51,103

74, 16, 89]. To reduce labeling cost, automatic or weakly supervised pipelines derive affordance104

labels from foundation-model distillation without dense annotation [62], egocentric-video affordance105

extraction [38, 24], large-scale human-behavior mining [46], part-prior weak supervision [77],106

generative-AI augmentation for VLM affordance learning [23], and MLLM-assisted grounding from107

human-object-interaction videos [68, 47]. Despite these efforts, existing resources remain limited in108

scale, especially for 3D motion supervision; AFUN addresses this gap with an extensible pipeline109

that aggregates one of the largest motion-affordance datasets to date.110

3 Data Pipeline for AFUN111

Open-world affordance learning requires a large-scale dataset that covers diverse scenarios, tasks,112

objects, and action sequences while providing ground truth on what to manipulate (segmentation)113

and how to manipulate (motion). Existing datasets are either too small or only contain part of the114

information. In this paper, we build a unified data pipeline (Figure 2) and curate a wide range of115

publicly available data, including robot demonstrations, egocentric human videos, and simulated116

interactions. We annotate all the data with a common affordance schema. Each data sample contains117

an RGB-D observation with a task description, a functional affordance mask, and a compact 3D118

motion trajectory.119

Dataset Curation. We curate datasets whose videos capture object interactions for functional120

purposes and have visible action regions and object motions. Based on these criteria, we gathered121

321,190 videos from 10 public sources, spanning human demonstrations [50, 21, 17, 11], robot122

demonstrations [33, 17, 1, 73, 25], simulation data [48, 28], and real-world scans [12]. Since a123

recording may contain multiple actions, we split each one into action intervals, resulting in 1,242,740124
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intervals to start with. This broad source data pool provides us with diverse object categories, camera125

viewpoints, interaction tasks, and embodiments. Further details are provided in Appendix B.126

Dataset Preprocessing. To annotate at scale, we first convert all source datasets into a common127

action-interval format. Each dataset is handled with its own source-specific procedure, but the result128

is the same: a set of action intervals, each paired with an observation RGB-D frame, task language,129

camera pose, and the corresponding video span. We also use monocular depth estimators [61, 41] to130

improve depth quality. Further details are in Appendix B.1.131

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. Prior132

works often use hand or gripper trajectories as133

the motion signal for affordance. However, this134

can entangle the affordance-relevant post-contact135

object motion with undesired pre-contact hand mo-136

tion, as shown in Figure 3 (right). Instead, we use137

the tracking of the object as the post-contact mo-138

tion in our affordance foundation model (Figure 3,139

left), as it directly indicates how the object moves140

after contact from a robot or a human. To obtain141

the tracking, we first use a vision-language model142

to generate a short manipulable-part query from143

the task instruction and the observation/contact144

frames, then use SAM3 [49] to track the manipulated object across the action interval. This step145

produces an object-centric motion trajectory and a functional affordance mask.146

Optimizing 3D Motion Curves. With the object mask and tracking trajectory, we recover the147

object’s 3D motion trajectory by back-projecting the tracked masks and taking the mean of the 3D148

points in each frame. The resulting discrete path, however, is typically non-uniformly sampled and149

exhibits noise due to depth estimation errors and tracking inconsistencies. To address this, we fit a150

smooth parametric curve and convert it into our final canonical motion representation (Bézier spline151

curve) for training. The details of curve fitting are provided in Appendix B.2.152

Filtering and Dataset Statistics. Before filtering, our data pool contains 1,242,740 action intervals153

spanning robot teleoperation, human egocentric recordings, simulation, and real-world scans. At154

each step of processing, we filter low-quality clips, such as those with poor task grounding, occlusion,155

unreliable segmentation, and insufficient motion. Each step removes around 1/2 of the samples,156

eventually resulting in 223,334 samples with valid motion labels. We then perform manual annotation157

and quality control, and retain 59,867 training samples for AFUN. A dataset at this scale exposes the158

model to diverse interaction types, object categories, camera viewpoints, and embodiments.159

4 Method160

AFUN takes an RGB-D observation and a task phrase as input and jointly predicts a task-conditioned161

functional segmentation mask, along with a 3D post-contact motion curve in a single forward pass. As162

shown in Fig. 4, our model uses a simple architecture with two main components. First, we leverage163

the MetaQuery mechanism [56] to connect a frozen Vision-Language Model (Qwen3-VL [3]) with164

a segmentation model (SAM3 [49]) to predict functional masks. Second, we use a 3D feature165

encoder [76] and a transformer decoder to predict 3D post-contact motion, represented as a Bézier166

spline curve. We describe the detailed network architecture in §4.1 and the training scheme in §4.2.167

4.1 Network Architecture168

MetaQuery Conditioning. Introduced by Pan et al. [56], MetaQuery serves as an interface to169

connect a frozen VLM with a downstream model. In particular, a small set of learnable special tokens170

is appended to the VLM’s input prompt and processed through the transformer. The hidden states171

in the final layer of the VLM serve as a compact conditioning feature for the downstream model.172

Pan et al. [56] show that this approach can extract detailed visual conditions and transfer reasoning173

capabilities to multimodal generation tasks, such as image editing.174

We bring the MetaQuery approach to our affordance prediction model, incorporating the rea-175

soning capabilities from the VLM for functional mask segmentation and motion understand-176

ing. Specifically, we maintain two sets of learnable tokens: mqs = {⟨mqs0⟩, . . . , ⟨mqsNs−1⟩},177

mqm = {⟨mqm0 ⟩, . . . , ⟨mqmNm−1⟩}, where the first set mqs connects the VLM with the segmen-178

tation model, and the second mqm connects it with the motion prediction model. The two sets of179

learnable tokens are appended to the input prompt together and processed through the transformer180
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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 final deployable 3D affordance prediction. (Best view in color.)

in Qwen3-VL [3]. The last hidden states of each set of tokens are then fed into the downstream181

segmentation and motion model, respectively. This joint formulation allows both the segmentation182

and motion models to share reasoning capabilities from VLMs within a single forward pass.183

Segmentation and Motion Decoding. With the MetaQuery tokens from VLMs, we predict the184

functional segmentation mask and 3D post-contact motion. For segmentation prediction, we primarily185

use SAM3 [49]. Specifically, the semantic MetaQuery tokens mqs are first mapped by a two-186

layer MLP into SAM3’s language-feature space. They are then passed through SAM3’s mask187

decoder, which predicts per-detection boxes, masks, and object query features that are used for188

motion prediction. By leveraging pretrained Qwen3-VL and SAM3, our model inherits the prior189

knowledge learned from large-scale pretraining for functional segmentation understanding. For190

motion prediction, we additionally encode the point cloud (unprojected from the depth input) with a191

pretrained Sonata [76] network to provide 3D information. Then we use a motion decoder, which192

is a transformer decoder with self-attention to the encoded 3D features and cross-attention to the193

per-object features from SAM3 and the motion MetaQuery tokens mqm, to predict the parameters of194

motion curves below.195

Curved Motion Representation. A motion representation for open-world affordance must be196

expressive enough for complex interactions yet structured enough for robust manipulation. We197

therefore represent post-contact motion as an anchored 3D Bézier spline curve, parameterized by198

control points. The centroid of the masked depth map defines the start point P0, and the motion199

decoder predicts the remaining K ordered control points {Pk}Kk=1 in relative 3D coordinates. The200

trajectory is then computed with the Bernstein polynomial basis:201

B(t) =

K∑
k=0

(
K

k

)
(1− t)K−k tk Pk, t ∈ [0, 1], (1)

where B(t) is the 3D position at normalized time t. The starting point P0 anchors the curve at202

the contact centroid, while the predicted control points parameterize the overall shape of the curve.203

Uniformly sampling t ∈ [0, 1] produces executable 3D waypoints for robots.204

4.2 Training Scheme205

Directly training the full model is unstable: randomly initialized MetaQuery tokens provide a poor206

conditioning signal for SAM3, and noisy mask predictions would in turn make motion supervision207

ambiguous. We therefore train our model in three stages: (I) aligning the MetaQuery interface208

with SAM3, (II) learning reliable task-conditioned affordance segmentation, and (III) fine-tuning209

motion prediction when the model is already robust in segmentation prediction. The pretrained priors,210

Qwen-VL, SAM3, and Sonata, are kept frozen throughout the training.211

Stage 1: MetaQuery–SAM3 Alignment. Prior to end-to-end training, we initialize and train the212

MetaQuery tokens and projection MLP by aligning Qwen-derived features with SAM3’s native text-213

conditioning space on the Visual Genome dataset [34]. For each caption-image pair, we encode the214

caption with SAM3’s text encoder; in parallel, Qwen3-VL processes the same caption and image, and215

the projection MLP projects the resulting MetaQuery features into SAM3 text space. We then run the216

SAM3 decoder with cross-attention to both the projected MetaQuery features and the original SAM3217

text features. The decoder hidden states from the two branches are optimized with a Mean-Squared218

Error (MSE) loss, which provides a more stable initialization than training the new tokens directly219
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from mask supervision. This alignment step yields a strong initialization for the MetaQuery tokens220

and the Qwen-to-SAM3 MLP, thereby stabilizing subsequent joint affordance training.221

Stage 2: End-to-End Training for Affordance Segmentation. In the second stage, we train our222

affordance segmentation model end-to-end on an aggregated mixture of four affordance datasets:223

HOVA-500K [46], RAGNet [72], InstructPart [67], and ReasonAFF [69]. The unfrozen parameters224

are identical to those in Stage 1: the MetaQuery tokens and the projection MLP. The motion prediction225

branch is disabled, and we only train the model with objectives from SAM3 [49], which combines226

Hungarian-matched box regression (ℓ1 + GIoU), presence classification, per-query mask prediction227

(focal BCE + Dice), and a semantic-segmentation term (focal + Dice + presence), all averaged with228

the same hyperparameters as SAM3. We refer readers to the original paper for more details.229

Stage 3: Joint Motion and Segmentation Training. In the final stage, we train segmentation230

and motion prediction jointly on our own aggregated affordance dataset curated from Section 3,231

together with the Stage 2 training data. The total objective combines the Stage 2 SAM3 grounding232

loss Lsam3, down-weighted to prevent the segmentation head from overfitting, with a curve loss233

Lcurve on sampled trajectory points to learn the motion:234

L = λsam3 Lsam3 + λcurve Lcurve. (2)

We follow the point-sampling loss from Curve-GCN [42] to supervise motion prediction. Specifically,235

for each SAM3-matched query (b, q) ∈ M returned by the Hungarian matcher, we evaluate both the236

predicted Bézier curve B̂b,q(t) and its matched ground-truth curve B⋆
b,q(t) on a fixed uniform time237

interval {ti = i/(T − 1)}T−1
i=0 and minimize the ℓ1 distance between the sampled points,238

Lcurve =
1

|M|T
∑

(b,q)∈M

T−1∑
i=0

∥∥B̂b,q(ti)−B⋆
b,q(ti)

∥∥
1
. (3)

In practice, we find this point-sampling supervision substantially more effective than directly regress-239

ing the locations of control points.240

5 Experiments241

5.1 Implementation Details242

We use Qwen3-VL-8B [3] as our VLM backbone, SAM3 [49] as the segmentation model, and243

Sonata [76] as the 3D feature encoder; all three pretrained components are frozen throughout training.244

The motion decoder uses six transformer layers. Along with the MLPs and MetaQuery tokens, our245

model adds only 32.21M trainable parameters on top of the pretrained models. We use 64 MetaQuery246

tokens in total, where each semantic and motion branch has 32. We set λSAM = 0.5, λcurve = 100,247

and train the model with a learning rate of 2× 10−4. For the point-sampling loss, we sample T = 16248

points per curve. We train AFUN on 4× NVIDIA GH200 GPUs for approximately eight days. The249

three stages mentioned above use batch sizes of 196, 128, and 96, respectively, and run for 10,000,250

40,000, and 20,000 steps, respectively.251

5.2 Affordance Evaluation252

To comprehensively demonstrate the affordance understanding capability of AFUN, we evaluate253

it from three perspectives: accuracy of affordance mask segmentation, quality of the contact point254

derived from the mask, and quality of 3D motion.255

5.2.1 Affordance Segmentation Evaluation256

We first evaluate AFUN’s capability to reason about where the affordance lies by measuring seg-257

mentation quality. We compare against three baselines: a zero-shot Qwen3-VL-8B [3] object query258

generation + SAM3 [49] mask generation pipeline, AffordanceNet [72], and Affordance-R1 [69].259

We show qualitative task-conditioned affordance mask segmentation results in Fig. 5. AFUN260

consistently predicts the correct affordance region for the diverse task instructions, can precisely261

segment complex regions (scissors handle with holes), and strictly aligns with the given task (shovel262

blade–containing, hammer handle–using), demonstrating superior performance in reasoning about263

the task-specific affordance compared to baselines.264

Quantitatively, following our baselines [72, 46, 69], we evaluate on eight test sets drawn from four265

affordance benchmarks, and report gIoU and cIoU metrics in Table 1. Across all test sets, AFUN266

outperforms all the baselines, achieves the best gIoU and cIoU, and improves overall mean gIoU/cIoU267

by 23.9/26.3 points over the strongest baseline. Notably, even when using the Qwen3-VL-2B variant268

with fewer parameters, AFUN remains superior to the baseline models by a large margin.269
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If I want to dig, which 
part of the shovel in 
the picture should be 
used for containing?

GTOursQwen3+SAM3Affordance-R1
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securely, which areas 
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Figure 5: Qualitative Examples on Affordance Segmentation. AFUN accurately segments task-specific affordance
regions, including complex scissor handles with holes and intent-dependent regions such as shovel blades for containing or
hammer handles for using. We provide more examples in Appendix B.3.Table 1: Quantitative results on affordance mask segmentation (gIoU / cIoU, %; higher is better). Best results are bolded;
AFUN significantly outperforms all the baselines across 8 datasets in both metrics. Even with a smaller 2B model, AFUN still
improves over the baselines by a large margin.

Method HANDAL-Mini 3DOI HANDAL Easy HANDAL Hard 3DOI Easy HOVA-500K ReasonAFF InstructPart Mean

Qwen3-VL-8B [3] + SAM3 [49] 40.3 / 44.4 36.4 / 22.5 44.8 / 50.6 45.2 / 52.2 44.3 / 27.2 63.3 / 38.5 31.9 / 19.6 41.4 / 28.1 42.5 / 36.5
Affordance-R1 [69] 18.2 / 10.6 51.8 / 38.5 39.8 / 32.0 37.4 / 26.5 61.4 / 53.6 27.9 / 14.1 67.1 / 62.1 67.2 / 58.6 45.4 / 36.2
AffordanceNet [72] 59.6 / 58.8 39.9 / 37.8 55.2 / 50.7 52.8 / 50.3 36.3 / 36.6 51.7 / 28.1 25.4 / 19.9 29.0 / 21.8 45.0 / 40.9

AFUN (Ours) 60.3 / 59.9 58.9 / 56.0 67.7 / 68.8 68.9 / 69.2 75.5 / 72.6 80.8 / 53.9 78.1 / 78.2 78.3 / 81.4 69.3 / 67.2
AFUN-2B 60.3 / 60.3 56.0 / 37.9 66.0 / 66.8 66.5 / 67.1 75.8 / 76.8 80.8 / 56.1 71.9 / 73.5 65.8 / 54.1 66.6 / 61.8

Shut the door of 
the orange 
microwave on 
the desktop.

Ours VRB VidBot A0 General-Flow†Query GT

Close the door.

Put the lid on the
pot.

Figure 6: Qualitative motion prediction results. AFUN accurately localizes the actionable object region and predicts
smooth, task-aligned 3D motion curves, whereas the baselines often fail to identify the relevant affordance region or produce
physically plausible motion. † General Flow used the mask prediction from our AFUN for its starting query points.

5.2.2 Contact Point Evaluation270

Beyond using masks for affordance, prior work also adopts contact points as an affordance repre-271

sentation; we therefore compare with A0 [78], GLOVER++ [46], VRB [2], and measure whether a272

predicted contact point lies on the ground-truth affordance mask. For AFUN, we take the Pole of273

Inaccessibility [19] of the predicted mask as the contact point. We use hit rate Pr[point∈GT mask],274

which measures whether the predicted contact point lies on the affordance mask as the evaluation275

metric. As shown in Table 2, AFUN significantly outperforms the best baseline by 12.7%–61.3%276

(55.7% on InstructPart and 61.3% on ReasonAFF).277

5.2.3 3D Motion Evaluation278

Evaluation Datasets. We evaluate 3D motion on three test sets with different domain shifts. (I)279

The AFUN test set (121 examples) is a cross-source split randomly sampled from the high-quality280

set we curated. This test set is further verified through a second human quality-control pass, and281
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we exclude these data samples from the training set to prevent data leak. (II) The SceneFun3D [12]282

test set (721 examples) comes from the original validation set in SceneFun3D and contains scenes283

that are not present in the training set. For each task in each scene, we use the first frame in which284

the target object is visible for evaluation (details of dataset processing in Appendix B.1). (III) The285

RoboMIND2 dataset test set (156 examples) is an out-of-domain test set deliberately excluded from286

training. We keep functionality-related tasks and remove relocation-only instructions such as “place287

A to B” for evaluation, as such waypaths are usually non-deterministic.288

Evaluation Metrics and Baselines. We evaluate predicted 3D motion curves using Average Dis-289

placement Error (ADE), Final Displacement Error (FDE) computed in both absolute scale and relative290

scale, contact-in-mask hit rate (CIM). We compare AFUN with four 3D affordance baselines: A0 [78],291

VRB [2], VidBot [7], and General Flow [86]. For each baseline, we follow their official protocol to292

obtain the 3D motion predictions, and linearly interpolate every prediction and every ground-truth293

trajectory to a common length of T=50 points for evaluation. Note that General Flow [86] requires a294

user-picked starting point, and we use the predicted mask from our model as the starting point for it.

Table 2: Contact point evaluation with point hit rate (%; higher is better). We compare with 2D point-based methods. Best
per column in bold. We use the Pole of Inaccessibility of the predicted mask as the predicted point.

Method HANDAL-Mini 3DOI HANDAL Easy HANDAL Hard 3DOI Easy HOVA-500K ReasonAFF InstructPart

A0 [78] 4.6 3.6 5.0 6.0 3.6 3.8 20.7 22.7
VRB [2] 31.5 46.6 31.5 31.3 48.4 22.4 35.2 39.8
GLOVER++ [46] 67.6 6.8 39.2 34.4 4.9 28.6 4.3 4.7

AFUN (Ours) 80.3 67.3 88.2 88.8 82.6 88.3 96.5 95.5
295

Evaluation Results. We provide quantitative results in Table 3 and qualitative results in Fig. 6.296

AFUN achieves the best ADE and FDE in both absolute and relative scale on all three test sets,297

and significantly outperforms the baselines in CIM. Even when General Flow is evaluated under a298

favorable protocol that provides it with AFUN’s predicted mask and start anchor, AFUN still achieves299

substantially better motion prediction results. This advantage is further shown in Fig. 6: AFUN300

produces task-aligned masks and motions, whereas the baselines often produce both implausible301

object localization and task-inconsistent trajectories.302

5.3 Ablations303

We ablate three different design choices of our model: the LLM backbone, the 3D feature encoder,304

and the motion curve parameterization. Results are provided in Table 4 and Table 5.305

For different LLM backbones, we train the model using the same recipe as our default model and306

report the evaluation performance on all the 8 test sets. Our default model with Qwen3-VL-8B307

achieves the best segmentation performance, outperforming both the smaller model Qwen3-VL-2B308

and the larger Qwen3.5-9B. We hypothesize: the reason why larger Qwen3.5-9B underperforms is309

that its general-purpose MoE design might be less suited to dense vision–language prediction.310

For the 3D feature encoder, we replace Sonata with the emphDFormerv2 [80] architecture and train it311

using the same recipe. We evaluate the performance on the open-domain RoboMind2 test set. Our312

default 3D feature encoder outperforms DFormerv2 [80], benefiting from stronger 3D geometric cues313

in point cloud-derived features.314

For motion curve representation, we compare our curve parameterization with the representation315

in OPD [31]. Our representation achieves better results, as the single parameterization for multiple316

motion types in OPD can introduce ambiguity.317

5.4 Real-Robot Demonstration318

Deploying AFUN on real robotic platforms is straightforward and requires no additional task-319

specific heuristics. Given a calibrated RGB-D input from one camera, AFUN predicts a contact320

mask and post-contact motion trajectory; the mask is back-projected to localize the target object,321

while AnyGrasp [18] estimates feasible grasp poses from the reconstructed scene point cloud. The322

predicted trajectory, represented as a smooth spline curve, provides a local tangent direction for323

adapting the gripper orientation, enabling rotational manipulation such as opening a microwave.324

This orientation-aware execution is difficult to obtain from line-based trajectory predictions in prior325

approaches [2, 78, 86].326
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Table 3: Quantitative 3D motion evaluation. ADE/FDE are in meters; subscript a is absolute, r is relative. CIM is the
contact-in-mask hit rate. Best per dataset in bold. General Flow† gives no starting point r0 for motion prediction, and uses
predicted mask from our AFUN to get its query points. Yet, it still underperforms our model.

Dataset Method ADEa ↓ FDEa ↓ ADEr ↓ FDEr ↓ CIM %↑ #fail↓

AFUN test set
(n=121)

A0 [78] 0.378 0.369 0.140 0.284 6.6 0
VRB [2] 0.242 0.297 0.087 0.220 11.0 3
VidBot [7] 0.520 0.614 0.192 0.364 6.7 2
General Flow† [86] 0.110 0.230 0.088 0.225 – 0
AFUN (Ours) 0.098 0.139 0.080 0.135 81.0 0

SceneFun3D test
(n=721)

A0 [78] 1.008 1.066 0.249 0.476 3.3 0
VRB [2] 0.606 0.702 0.227 0.446 11.8 36
VidBot [7] 0.772 0.848 0.201 0.393 9.4 11
General Flow† [86] 0.413 0.572 0.212 0.413 – 4
AFUN (Ours) 0.351 0.441 0.135 0.260 67.3 1

RoboMIND2 test
(n=156)

A0 [78] 0.374 0.388 0.193 0.327 3.2 0
VRB [2] 0.299 0.373 0.190 0.330 27.4 10
VidBot [7] 0.368 0.479 0.240 0.414 23.7 5
General Flow† [86] 0.260 0.369 0.184 0.314 – 2
AFUN (Ours) 0.254 0.323 0.177 0.276 62.2 0

Table 4: LLM backbone ablation.

Variant Mean gIoU↑ Mean cIoU↑
AFUN (Ours) 69.6 66.4
w/ Qwen3-VL-2B 66.6 61.8
w/ Qwen3.5-9B 61.8 54.4

Table 5: 3D motion ablations on RoboMIND2.
Variant ADEa ↓ FDEa ↓
AFUN (Ours) 0.254 0.323
w/ DFormerv2 [80] (3D feat. encoder) 0.273 0.348
w/ OPD [31] (curve parameterization) 0.282 0.374

Table 6: Real-world Task Performance.
Task Success Rate
Pick Up Screwdriver 1.0
Take Off Pot Lid 1.0
Open Drawer 0.8
Open Microwave 0.8

We evaluate AFUN on four real-world tasks: Pick Up Screwdriver,327

Take Off Pot Lid, Open Drawer, and Open Microwave, using a328

Franka Research 3 arm and two calibrated third-person RGB-D329

RealSense D435 cameras. For each task, AFUN uses one RGB-D330

observation as input, while observations from both cameras are331

fused into the scene point cloud used by AnyGrasp. We report332

success rates in Tab. 6 and qualitative examples in Fig. 7. AFUN achieves an average success333

rate of 90%, demonstrating reliable real-robot deployment for both contact-centric grasping and334

orientation-aware articulated-object manipulation.335

“Open the microwave.”“Take off the pod lid.”

Figure 7: Real-robot deployment (Franka). AFUN can be directly deployed to a real robotic system without any additional
task-specific heuristics. Given a task from the user, our model can accurately locate the actionable (grasping) region and
produce an accurate post-contact trajectory for robot manipulation.

6 Conclusion336

In this paper, we present AFUN, a step towards an affordance foundation model for functionality337

understanding. From a single RGB-D observation and a language task description, AFUN predicts338

a task-conditional functional mask (where to interact) and a 3D post-contact motion curve (how to339

interact). To achieve open-world generalization, we build a large-scale standardized data pipeline that340

converts heterogeneous robot, human, simulation, and real-world scan data into a shared affordance341

schema with language, masks, and object-centric 3D motion annotations. Empirically, AFUN342

outperforms all baselines on affordance segmentation across eight test sets from four benchmarks;343

predicts substantially more accurate contact points; and achieves the best 3D motion performance on344

all three motion test sets. Without embodiment-specific finetuning, AFUN can be directly deployed345

in the real robot for manipulation, suggesting a practical path towards open-world affordance models346

that unify functionality perception with executable action. We provide limitations, failure cases, and347

future directions in Appendix 6.348
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Technical Appendices and Supplementary Material697

This appendix provides supplementary material supporting the claims in the main paper. We organise698

it as follows. App. A specifies the limitations and failed case analysis of our method, and social699

responsibility of our work. App. ?? details the implementation of AFUN, including model archi-700

tecture, trainable parameters, the Bézier spline curve motion parameterisation, training schedule,701

losses, and inference settings. App. B describes the five-stage data-collection pipeline that produces702

the multi-source affordance dataset, the filtering criteria, the unit and frame conventions, and the703

resulting dataset composition. App. ?? specifies more details of our experiment, with additional704

qualitative results.705

A Limitations, Failed Case Analysis and social responsibility706

Limitations and Failure Cases. Though our model has the capability to adapt to open-world707

images, this adaptation is still limited by training data motion.Since the only way it learns motion is708

from our motion data. Thus, for objects with unique motions that do not exist in the training data, it709

will not perform well, as it has no source for learning how such motions would work. We show two710

examples in Figure ??. There are no Sun Visor or spray bottle examples in our training dataset, and711

there are no similar objects for it to relate to. As a result, it cannot accurately predict how the motion712

would go regarding these tasks.713

Failure cases. Typical failures arise when the task phrase underspecifies the target object, when714

multiple similar objects or symmetric parts are present, when the actionable region is only weakly715

visible, or when depth estimates are unreliable. In such cases, the model may localize a plausible but716

incorrect part, predict a curve with the right motion type but wrong direction, or produce a smooth717

trajectory that is geometrically valid but insufficient for robust robot execution.718

Social responsibility. AFUN is intended as an intermediate perception-and-motion representation719

for controlled robot manipulation, not as a standalone safety mechanism. Physical deployment should720

keep human supervision, collision checking, force limits, and task-specific safety constraints in the721

execution stack. When releasing data or models, we will document source datasets, filtering steps,722

and known failure modes so downstream users can evaluate whether the assumptions match their723

intended environment.724

B Dataset Pipeline Details725

We turn heterogeneous demonstrations from robot teleoperation, human egocentric video, simulation726

data, and real-world scans into a unified affordance dataset through a two-phase pipeline. First, a727

dataset-specific preprocess module handles raw-format differences and exports a shared per-interval728

schema. Then, a dataset-agnostic mainprocess consumes this schema to generate training data: a729

SAM3 task query, a tracked object mask, depth, a 3D object trajectory, and fitted Bézier spline curve730

parameters. This design keeps format handling separate from affordance label extraction, so adding a731

new data source only requires writing a new preprocess adapter. Per-source statistics are reported in732

Table 7.733

B.1 Cross-Dataset Preprocess734

Our preprocess layer is built around source-specific adapters that share the same processing logic735

and infrastructure. Every adapter writes the same interval-level schema: observation/contact frames,736

RGB-D, task language, camera calibration, and the video span. What differs is how these fields are737

recovered from each raw dataset. Below we summarize the dataset-specific handling.738

AgiBot. AgiBotWorld-Beta provides action-interval annotations, and we use each annotated action739

as one interval. We load the paired head RGB/depth frames for the interval and use the calibrated740

non-fisheye head camera.741
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Table 7: Per-source dataset statistics. Episodes refer to the top-level recording units in each source;
intervals are action-segmented sub-clips of an episode; views are per-camera observations of an
interval; fitted curves are views with a successfully fit Bézier spline curve.

Source Modality Episodes Intervals Views Fitted curves

agibot robot teleop 17,124 25,395 25,395 1,493
droid robot teleop 47,508 66,212 132,424 7,381
rh20t robot teleop 3,588 4,512 34,163 4,127
robomind robot teleop 14,695 22,642 48,826 17,198
robomind2 robot teleop 6,738 8,918 28,663 4,965

hoi4d human egocentric 1,020 2,165 2,165 1,974
vitra human egocentric 3,024 1,098,944 1,098,944 129,433

calvin simulation 181 6,649 6,649 4,002
rlbench simulation 268 276 1,104 69

scenefun3d real scan 585 7,027 148,603 52,692

Total 94,731 1,242,740 1,526,936 223,334

DROID. DROID provides ZED stereo recordings together with synchronized robot and camera742

metadata. We decode the left RGB-D stream from each external stereo camera. Calibration comes743

from the official patched files when available; otherwise we fall back to the original HDF5 metadata.744

We attach language from the patched files and discard runs marked as failures.745

RH20T. For RH20T, manipulation spans are not annotated directly. We infer them from the gripper-746

command trace: a new interval starts when the gripper begins to close and ends when it opens again.747

We smooth the signal before this step to avoid noisy frame-level decisions. The interval end is748

extended slightly after release to preserve post-contact motion. We export only static camera views749

and remove intervals that are too short to provide a meaningful motion trajectory.750

RoboMIND. RoboMIND-v1 mixes several robot embodiments, so the main preprocessing issue is751

to make their camera layouts and annotations consistent. We identify the static camera views for each752

embodiment and discard arm-mounted views. RGB-D streams are decoded and depth is normalized753

to a common metric scale. Manipulation intervals come from the per-step language annotations754

released with RoboMIND, which provide frame boundaries for each step. We also remove non-rigid755

tasks such as cloth, towel, folding, and rope.756

RoboMIND-v2. RoboMIND-v2 combines Tien Kung, Franka, UR5, and Ark recordings, and the757

main challenge is that their gripper signals and usable camera views are not encoded in the same way.758

We first identify the robot family for each episode and keep only the camera views that can be used759

reliably in our pipeline. Manipulation intervals are then recovered from the family- specific gripper760

signal; Ark requires an additional range check because its recordings use two different gripper-value761

encodings. We fall back to the whole episode when no valid gripper interval is found, and we remove762

non-rigid tasks such as cloth, folding, and rope.763

HOI4D. HOI4D differs from robot sources because the camera is moving, but the dataset also764

provides precise geometric annotations: action event markers, camera extrinsics, 3D object assets,765

object masks, and object pose trajectories. Because these annotations already determine both the766

temporal span and the 3D object motion, we handle HOI4D through a custom path rather than the767

robot adapter interface. We use event boundaries such as Reachout, Grasp, and Pickup to form the768

manipulation interval, and recover the motion label directly from the recorded object pose trajectory769

instead of running depth-based mask tracking. Since the provided masks are object-level, we still run770

SAM to obtain the part-level mask used by our affordance supervision.771

VITRA. VITRA is our main source of human manipulation clips. One main challenge for egocen-772

tric human videos is noisy camera motion, and VITRA provides per-frame SLAM camera intrinsics773
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and extrinsics for EPIC-KITCHENS and Ego4D clips. We therefore use these camera poses to make774

the trajectories geometrically usable. When predicted depth is used, a tracked mask point is first775

back-projected in the camera frame where it is observed; the per-frame SLAM poses then transform776

this 3D point through the world frame into the observation-frame camera. Since VITRA stores777

annotations separately from the source videos, we first resolve each annotated frame index back to778

the corresponding EPIC-KITCHENS or Ego4D frame. We use contact-index files to reject clips779

without real hand-object contact, and express all projected quantities in the observation-frame camera780

coordinates.781

Calvin. Calvin is a simulated robot manipulation dataset with task language, RGB-D observations,782

and robot-state traces. We use only the static scene camera, and discard gripper-mounted and tactile783

views because they do not provide a stable view of the scene. Calvin’s language annotations mark784

task-level windows in a continuous rollout, but they are not contact markers. We use them as semantic785

anchors, then use the gripper-action trace to refine the temporal span: an annotation is kept only when786

a nearby gripper-closing segment is found, and the final interval covers both the language window787

and the matched interaction motion. We use the static RGB-D observation for 3D back-projection,788

but do not use simulator-only object variables, such as object poses, drawer states, or button states, as789

supervision.790

RLBench. RLBench is a simulated robot manipulation dataset with task language, RGB-D ob-791

servations, robot poses, and a binary gripper-open signal. We keep the static scene cameras and792

exclude the wrist camera because it moves with the arm. RLBench provides task language at the793

episode level rather than per-step temporal spans. We therefore recover intervals from the gripper794

signal when possible: closed-gripper segments become manipulation intervals, with the observation795

frame shifted earlier to include the approach. Simulator depth is converted to metric depth for 3D796

back-projection, but we do not use privileged simulator outputs, such as ground-truth masks or object797

states, to generate affordance labels.798

SceneFun3D. SceneFun3D provides posed ARKit RGB-D views of scanned rooms. Each task is799

tied to an annotated 3D affordance region and a motion primitive. rather than to a robot or human800

action interval. We therefore bypass the tracking, projection, and curve fitting stages in our data801

pipeline for SceneFun3D. We sampled the frames at 10 FPS in the dataset videos. We keep steps 2802

and 3 (green block in Fig. 2) to retrieve masks of the object of interest, and keep the frames where803

that object’s mask is near the starting point of the motion annotation and the projected object 3D804

annotation. We then directly convert the motion trajectory to our Bézier spline curve representation,805

taking a radius of 90 degrees for circular motion and a fixed 0.3 m length for linear motion.806

We use a single set of unit and frame conventions throughout: depth maps in millimetres, 3D positions807

in metres, and rigid transforms expressed as Tbase→cam. Every adapter is unit-tested against this808

contract before integration.809

B.2 Mainprocess810

Query Generation via vLLM Qwen3.5. The goal of query generation is to produce the text query811

that lets SAM3 [49] segment the affordance mask for each task interval. This mask should cover the812

object part, visible in the observation image, where contact should be made to execute the task. Since813

SAM3 can be driven by text prompts, we first convert the interval’s high-level instruction y (e.g.,814

“Open the cabinet door.”) and visual evidence {Iobs, Icontact} into a short, open-vocabulary815

segmentation phrase q. The phrase is required to name the minimal manipulable target part, such816

as a handle, knob, button, latch, or lid edge, rather than restating the action or naming the whole817

object when a smaller contact part is visible. The observation frame determines how the part should818

be described in the target image, while the contact frame helps disambiguate which part is actually819

used. The downstream SAM3 video predictor (Sec. B.2) is text-prompted with q, so the precision of820

q directly affects both the affordance mask and the recovered 3D motion.821

We use Qwen3.5-35B-A3B-FP8 [65] to generate the SAM3 task query. The model returns a JSON822

object with a brief rationale and the final sam3_prompt. The full system and user prompts are shown823

below.824

[SYSTEM]825
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You are an expert at converting robotics task language + visual826

evidence into a compact open-vocabulary segmentation query for SAM3.827

828

Project context � Affordance Understanding:829

This data is used to train an affordance prediction model. Given an830

RGB image and a task-level instruction (e.g., "Open the cabinet831

door"), the model must predict (1) the **affordance region** � the832

spatial area on the object where physical contact should occur, and833

(2) the **post-contact motion trajectory**. The task description834

intentionally specifies *what to do*, NOT *where to touch*; the model835

must learn the functional mapping from task intent to contact region.836

Therefore, only data samples with clear, physically grounded837

manipulation targets and meaningful task-level semantics are valuable838

for training.839

840

Your goal is to produce a short noun phrase that uniquely identifies841

the **smallest manipulable target part** (e.g., "top-left drawer842

handle", "right knob", "front latch", "left hinge", "power button")843

that the robot will operate in the observation image.844

You must be extremely concise and precise. You must not describe845

actions; only describe the target object/part to segment. Prefer846

concrete part names + discriminative attributes (location, row/column,847

color, shape, relative position).848

[USER]849

You are given:850

851

* `instruction`: the task language instruction for this episode/action852

interval853

* `obs_frame`: the observation frame image (the first frame of the854

action interval)855

* `contact_frame`: the contact frame image (the frame at the gripper-856

close moment)857

858

Task:859

Generate a segmentation text query `sam3_prompt` for SAM3 that will860

produce a mask of the **minimal target part** the robot is about to861

manipulate **in `obs_frame`**.862

863

Guidelines:864

865

1. Output a **single short noun phrase** (1-10 words) suitable for866

open-vocabulary segmentation.867

2. When a smaller part is clearly the interaction target, the phrase868

must refer to a **physical part** (handle/knob/lid/button/lever/869

edge/latch/hinge/tab/strap/rim) rather than a whole object.870

3. Use `contact_frame` to infer the true contact target (where the871

gripper touches). Use `obs_frame` to phrase it in visible terms.872

4. Preserve and include spatial qualifiers if present or inferable873

(e.g., "top-left", "second row right", "front", "leftmost",874

"upper", "nearest", "on the right side").875

5. If the instruction is ambiguous, resolve it using visual evidence.876

If still ambiguous, choose the most likely minimal part and add877

one discriminative qualifier (e.g., color/position).878

6. Avoid verbs and action words (open/pull/push/turn). Avoid pronouns879

("it", "that"). Avoid long descriptions.880

7. Do NOT mention "robot", "gripper", "contact", "frame", "image",881

"mask", "SAM", or "segmentation".882

8. If the target is a drawer/door, prefer **handle** or **edge**. If883

it's a button/switch, prefer **button**/**switch**. If it's a lid,884

prefer **lid tab**/**lid edge**. If it's a black cup, prefer885

**black cup handle**.886

887

Output format (strict):888

Return ONLY a JSON object with two keys:889
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{"rationale": "<your rationale>", "sam3_prompt": "<your noun phrase>"}890

891

Where:892

893

* `rationale` is a very concise and very brief explanation of your894

reasoning.895

* `sam3_prompt` is the best phrase.896

897

Hard-Fail Policy (must follow):898

- You output {"rationale": "<your rationale>", "sam3_prompt": null}899

ONLY when the instruction and the images are fundamentally900

incompatible such that selecting a manipulable target part would901

be guesswork.902

- "Fundamentally incompatible" means: the instruction refers to an903

object/affordance category that is not present in obs_frame AND904

there is no clear gripper-contact target in contact_frame that905

could plausibly satisfy the instruction.906

- Do NOT fail just because multiple candidates exist; only fail if907

it is genuinely impossible to identify any plausible target part.908

909

Hard-Fail Affordance-Relevance Filter (must follow):910

- You output {"rationale": "<your rationale>", "sam3_prompt": null}911

when the task is NOT useful for affordance model training. This912

includes:913

1. **No clear physical manipulation target**: the task does not914

involve contacting and manipulating a specific, localizable915

part (e.g., "move to the left", "wait", "look around",916

"navigate to the kitchen").917

2. **Ambiguous / unresolvable target**: even with both images, it918

is impossible to determine a single, well-defined contact919

region � e.g., the instruction is too vague ("do something with920

the stuff on the table") and the images provide no921

disambiguating evidence.922

3. **Non-rigid / deformable / soft-body object**: the target is a923

deformable, soft, or fabric-like object that lacks a well-924

defined rigid part structure. Our project focuses on rigid925

objects with strong part-level affordances (handles, knobs,926

lids, buttons, etc.). Filter out tasks involving cloth, fabric,927

towels, rope, dough, sponges, or similar soft bodies (e.g.,928

"fold the towel", "hang the cloth", "flatten the dough",929

"squeeze the sponge"). Exception: if the task involves grasping930

a rigid part OF a soft object (e.g., a zipper pull on a931

jacket), keep it.932

4. **Trivial / non-functional interaction**: the task does not933

teach a meaningful affordance mapping � e.g., the instruction934

directly names the exact contact part rather than describing a935

functional task ("grasp the handle", "touch the knob"), or the936

task is purely a sensor/state check with no physical937

manipulation.938

5. **Pick-and-place / whole-object relocation**: the task is939

simply grasping an entire object and moving it to a different940

location. These do not teach meaningful part-level affordances941

because (a) the contact region is any graspable surface rather942

than a specific functional part, and (b) the post-contact943

trajectory is generic relocation (lift -> translate -> place)944

rather than a functionally determined motion (pull, rotate,945

press, flip, slide, etc.). Filter out instructions that946

describe picking up, moving, transferring, or placing an object947

from one location to another � e.g., "move the cup to the948

left", "pick up the apple and put it in the bowl", "place the949

block on the shelf", "put the bottle on the counter",950

"transfer A to B", "stack the cubes", "sort the objects into951

the bin". Exception: keep the task if it requires interacting952

with a specific functional part to achieve the relocation953

(e.g., "pick up the pot by its handle" names a functional954
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grasp point; "slide the drawer out" involves a handle/edge955

affordance).956

- You strictly filter. Leave out borderline samples. If a task even957

partially matches one of the above categories, output null. High-958

quality training data is far more valuable than quantity � a noisy959

sample hurts the model more than a missing one. Only output a960

valid sam3_prompt when you are confident the task has a clear,961

rigid, localizable manipulation target with meaningful task-level962

semantics.963

964

instruction:965

{instruction}966

Curve fit. For each valid object track, we fit the Bézier supervision used in Sec. 4.1 from the967

recovered 3D mask-centroid trajectory. Let {xi}Ni=1 denote the back-projected object positions968

ordered by frame. Because these points are affected by depth noise, mask jitter, and occasional969

tracking jumps, we first detect abnormally large temporal steps, down-weight them, and smooth970

local neighbourhoods with a robust geometric median. The smoothed trajectory is then resampled971

into a small set of approximately uniform support points along cumulative arc length, with weights972

inversely proportional to the local spatial spread. We fit a planar constant-curvature primitive to these973

support points by nonlinear least squares with a Cauchy robust loss: the primitive is parameterized by974

an origin p0, an orthonormal frame (e1, e2,n), curvature κ, and monotone arc-length coordinates si,975

so that x̂(s) = p0 + s sinc(κs)e1 + s cosc(κs)e2. If |κ| times the fitted arc length is below a small976

threshold, the primitive is snapped to a straight line, which avoids overfitting nearly linear motions.977

The fitted curve is sampled densely and converted to the canonical cubic Bézier target by solving a978

least-squares problem for the two interior control points while fixing the start and end points. We979

store the resulting control points relative to the contact anchor P0, matching the model output in980

Eq. 1; the raw trajectory is preserved only for diagnostics and visualization.981

B.3 Gallery on the AFUN dataset982

We sampled 48 entries from ourmodeltestset and visualize each as the observation frame with the983

SAM3 affordance mask (red mask + yellow bounding box) and the Bézier spline curve fitted 3D984

trajectory (green curve). Cards are split across Fig. 8 and Fig. 9; the language instruction for each985

sample is shown directly below its image.986

B.4 Converting HOVA-500K for Segmentation Training987

As described in Stage 2: End-to-End Training for Affordance Segmentation of Sec. 4.2, our affor-988

dance segmentation model is trained on HOVA-500K [46], RAGNet [72], InstructPart [67], and989

ReasonAFF [69]. RAGNet, InstructPart, and ReasonAFF already match our required format: an990

RGB image, a task query, and a binary affordance mask. HOVA-500K instead provides point-level991

contact supervision. In our loader, each HOVA sample is normalized to an image, an object noun992

field, a verb field, and a contact point. The verb field is source-dependent: it is empty for 3DOI and993

HANDAL, parsed from the Ego4D action field, and read directly from the EPIC-100 verb field. The994

contact point is recovered from the peak of the Gaussian contact heatmap for 3DOI, Ego4D, and995

HANDAL, and from the mean of annotated contact points for EPIC-100. This is useful affordance996

evidence, but it must be converted to dense masks before training our segmentation decoder.997

To turn the point annotation into a mask, we run a single-frame version of our object-centric annotation998

pipeline. Qwen3-VL receives the image, the normalized noun/verb fields, and the recovered contact999

point, and produces a compact part-level prompt for SAM3, such as “drawer handle” or “cup rim”.1000

SAM3 then segments the image with this prompt. We keep a mask only if it is both confident and1001

spatially consistent with the HOVA contact point: among masks with confidence above 0.5, we1002

choose the highest-ranked mask whose centroid is within a 2D Euclidean distance of 7% of the image1003

width from the contact point. Samples without such a mask are rejected.1004

The part-level SAM3 prompt is used only to obtain the mask; it is not used as the training query, since1005

directly naming the contacted part would leak the answer. We therefore run a second Qwen3-VL pass1006

on the original image and the selected-mask overlay. This pass rewrites the sample into a natural1007

task-level instruction that implies the highlighted region without naming it explicitly. We keep a1008
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Figure 8: Qualitative gallery on AFUN dataset, Part 1.
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Figure 9: Qualitative gallery on AFUN dataset, Part 2.
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sample only when both the mask selection and the rewritten query are valid, resulting in 87,6461009

HOVA samples for segmentation training. Random visualization sheets are then inspected for human1010

quality verification.1011

C Extended Evaluation Qualitative Results1012

Extended Qualitative gallery on the affordance segmentation evaluation. From Fig. 10 to 13,1013

we provide qualitative galleries on the affordance segmentation evaluation results across AFUN,1014

AffordanceNet, Affordance-R1, and Qwen3+SAM3. Each row shows the input query, predictions1015

from three baseline models, our AFUN, and the ground-truth mask. Red overlays indicate predicted1016

regions, green overlays indicate ground truth, and yellow boxes mark mask boxes.1017

Qualitative gallery on the 3D motion evaluation. From Fig. 14 to 18, we additionally provide a1018

qualitative gallery for the 3D motion evaluation accross AFUN, VRB, VidBot, A0, and General-Flow.1019

Each row shows the input task query in the leftmost column, followed by predictions from four1020

baseline models, our AFUN, and the ground-truth annotation in the rightmost column. Within each1021

cell, the top tile is the predicted trajectory and mask projected onto the input frame, and the bottom1022

tile is the back-projected 3D point cloud with the same overlays. Predicted trajectories are coloured1023

yellow to blue from start to end; the ground-truth trajectory is rendered as a green curve.1024

D More Qualitative Results1025

Extended gallery. [(zhaoning) 50+ qualitative samples organised by source domain (DROID,1026

RH20T, Calvin, Xperience-10M, in-the-wild). Each panel: RGB input + GT mask (green) + AFUN1027

mask (blue) + Bézier spline curve curve (orange, blue start / red end).]1028

Symmetric and articulated objects. [(zhaoning) cabinet doors, drawer handles, hinges, faucet1029

handles — demonstrate the model picks the correct side and motion direction (open vs. close share1030

mask but differ in curve direction).]1031

Multi-instance disambiguation. [(zhaoning) scenes with multiple candidate objects (e.g. two1032

mugs, several drawers); the language query selects the correct target.]1033

Cross-task on the same object. [(zhaoning) same scene, two task phrases (e.g. “open the drawer”1034

vs. “close the drawer”); show identical mask, opposite Bézier spline curve.]1035

Failure cases. [(zhaoning) honest analysis: occlusion, transparent / glossy objects, deformable1036

items, ambiguous language, novel categories. Caption explains the failure mode.]1037

Real-robot demonstration. [(zhaoning) Franka + RGB-D frames with overlay; reference the1038

supplementary video. Pair each frame with the AnyGrasp execution step.]1039
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Figure 10: Qualitative gallery on the affordance segmentation evaluation, Part 1.
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Figure 11: Qualitative gallery on the affordance segmentation evaluation, Part 2.
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Figure 12: Qualitative gallery on the affordance segmentation evaluation, Part 3.
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Figure 13: Qualitative gallery on the affordance segmentation evaluation, Part 4.
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Figure 14: Qualitative gallery on the 3D motion part of the AFUN test set, part 1.
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Figure 15: Qualitative gallery on the 3D motion part of the AFUN test set, part 2.
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Figure 16: Qualitative gallery on the 3D motion part of the AFUN test set, part 3.
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Figure 17: Qualitative gallery on the 3D motion part of the AFUN test set, part 4.
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Figure 18: Qualitative gallery on the 3D motion part of the AFUN test set, part 5.

[Placeholder: Extended Qualitative Gallery]
6× 4 grid (or larger). Rows: source domains (DROID, RH20T, Calvin, Xperience-10M,

in-the-wild, real Franka). Columns: (1) RGB input, (2) GT mask (green overlay), (3) AFUN
predicted mask (blue overlay), (4) Bézier spline curve curve (orange) with start (blue) and end

(red). Include captions identifying symmetric / articulated / multi-instance cases and mark failure
rows in red.

Figure 19: Extended qualitative results across domains. AFUN localises the functional region and
produces smooth, on-object curves across diverse embodiments and viewpoints, including symmetric
parts, articulation, and multi-instance scenes. Failure rows highlight remaining limitations (occlusion,
transparency, deformable objects).
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NeurIPS Paper Checklist1040

The checklist is designed to encourage best practices for responsible machine learning research,1041

addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove1042

the checklist: The papers not including the checklist will be desk rejected. The checklist should1043

follow the references and follow the (optional) supplemental material. The checklist does NOT count1044

towards the page limit.1045

Please read the checklist guidelines carefully for information on how to answer these questions. For1046

each question in the checklist:1047

• You should answer [Yes], [No], or [N/A].1048

• [N/A] means either that the question is Not Applicable for that particular paper or the1049

relevant information is Not Available.1050

• Please provide a short (1–2 sentence) justification right after your answer (even for [N/A]).1051

The checklist answers are an integral part of your paper submission. They are visible to the1052

reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it1053

(after eventual revisions) with the final version of your paper, and its final version will be published1054

with the paper.1055

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.1056

While [Yes] is generally preferable to [No], it is perfectly acceptable to answer [No] provided a1057

proper justification is given (e.g., error bars are not reported because it would be too computationally1058

expensive” or “we were unable to find the license for the dataset we used”). In general, answering1059

[No] or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we1060

acknowledge that the true answer is often more nuanced, so please just use your best judgment and1061

write a justification to elaborate. All supporting evidence can appear either in the main paper or the1062

supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification1063

please point to the section(s) where related material for the question can be found.1064

IMPORTANT, please:1065

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",1066

• Keep the checklist subsection headings, questions/answers and guidelines below.1067

• Do not modify the questions and only use the provided macros for your answers.1068

1. Claims1069

Question: Do the main claims made in the abstract and introduction accurately reflect the1070

paper’s contributions and scope?1071

Answer: [Yes]1072

Justification: We state our main contributions in the abstract and §1, and support them with1073

the data, method, and experiments in §3–§5.1074

Guidelines:1075

• The answer [N/A] means that the abstract and introduction do not include the claims1076

made in the paper.1077

• The abstract and/or introduction should clearly state the claims made, including the1078

contributions made in the paper and important assumptions and limitations. A [No] or1079

[N/A] answer to this question will not be perceived well by the reviewers.1080

• The claims made should match theoretical and experimental results, and reflect how1081

much the results can be expected to generalize to other settings.1082

• It is fine to include aspirational goals as motivation as long as it is clear that these goals1083

are not attained by the paper.1084

2. Limitations1085

Question: Does the paper discuss the limitations of the work performed by the authors?1086

Answer: [Yes]1087

Justification: We discuss the main limitations and failure cases in App. A.1088
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Guidelines:1089

• The answer [N/A] means that the paper has no limitation while the answer [No] means1090

that the paper has limitations, but those are not discussed in the paper.1091

• The authors are encouraged to create a separate “Limitations” section in their paper.1092

• The paper should point out any strong assumptions and how robust the results are to1093

violations of these assumptions (e.g., independence assumptions, noiseless settings,1094

model well-specification, asymptotic approximations only holding locally). The authors1095

should reflect on how these assumptions might be violated in practice and what the1096

implications would be.1097

• The authors should reflect on the scope of the claims made, e.g., if the approach was1098

only tested on a few datasets or with a few runs. In general, empirical results often1099

depend on implicit assumptions, which should be articulated.1100

• The authors should reflect on the factors that influence the performance of the approach.1101

For example, a facial recognition algorithm may perform poorly when image resolution1102

is low or images are taken in low lighting. Or a speech-to-text system might not be1103

used reliably to provide closed captions for online lectures because it fails to handle1104

technical jargon.1105

• The authors should discuss the computational efficiency of the proposed algorithms1106

and how they scale with dataset size.1107

• If applicable, the authors should discuss possible limitations of their approach to1108

address problems of privacy and fairness.1109

• While the authors might fear that complete honesty about limitations might be used by1110

reviewers as grounds for rejection, a worse outcome might be that reviewers discover1111

limitations that aren’t acknowledged in the paper. The authors should use their best1112

judgment and recognize that individual actions in favor of transparency play an impor-1113

tant role in developing norms that preserve the integrity of the community. Reviewers1114

will be specifically instructed to not penalize honesty concerning limitations.1115

3. Theory assumptions and proofs1116

Question: For each theoretical result, does the paper provide the full set of assumptions and1117

a complete (and correct) proof?1118

Answer: [Yes]1119

Justification: We do not make new theoretical claims; the formulas in §4 define the represen-1120

tation and training losses we use.1121

Guidelines:1122

• The answer [N/A] means that the paper does not include theoretical results.1123

• All the theorems, formulas, and proofs in the paper should be numbered and cross-1124

referenced.1125

• All assumptions should be clearly stated or referenced in the statement of any theorems.1126

• The proofs can either appear in the main paper or the supplemental material, but if1127

they appear in the supplemental material, the authors are encouraged to provide a short1128

proof sketch to provide intuition.1129

• Inversely, any informal proof provided in the core of the paper should be complemented1130

by formal proofs provided in appendix or supplemental material.1131

• Theorems and Lemmas that the proof relies upon should be properly referenced.1132

4. Experimental result reproducibility1133

Question: Does the paper fully disclose all the information needed to reproduce the main ex-1134

perimental results of the paper to the extent that it affects the main claims and/or conclusions1135

of the paper (regardless of whether the code and data are provided or not)?1136

Answer: [Yes]1137

Justification: We describe the data pipeline, model, training stages, metrics, baselines, and1138

evaluation protocols in §3–§5 and App. B–??.1139

Guidelines:1140

• The answer [N/A] means that the paper does not include experiments.1141
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• If the paper includes experiments, a [No] answer to this question will not be perceived1142

well by the reviewers: Making the paper reproducible is important, regardless of1143

whether the code and data are provided or not.1144

• If the contribution is a dataset and/or model, the authors should describe the steps taken1145

to make their results reproducible or verifiable.1146

• Depending on the contribution, reproducibility can be accomplished in various ways.1147

For example, if the contribution is a novel architecture, describing the architecture fully1148

might suffice, or if the contribution is a specific model and empirical evaluation, it may1149

be necessary to either make it possible for others to replicate the model with the same1150

dataset, or provide access to the model. In general. releasing code and data is often1151

one good way to accomplish this, but reproducibility can also be provided via detailed1152

instructions for how to replicate the results, access to a hosted model (e.g., in the case1153

of a large language model), releasing of a model checkpoint, or other means that are1154

appropriate to the research performed.1155

• While NeurIPS does not require releasing code, the conference does require all submis-1156

sions to provide some reasonable avenue for reproducibility, which may depend on the1157

nature of the contribution. For example1158

(a) If the contribution is primarily a new algorithm, the paper should make it clear how1159

to reproduce that algorithm.1160

(b) If the contribution is primarily a new model architecture, the paper should describe1161

the architecture clearly and fully.1162

(c) If the contribution is a new model (e.g., a large language model), then there should1163

either be a way to access this model for reproducing the results or a way to reproduce1164

the model (e.g., with an open-source dataset or instructions for how to construct1165

the dataset).1166

(d) We recognize that reproducibility may be tricky in some cases, in which case1167

authors are welcome to describe the particular way they provide for reproducibility.1168

In the case of closed-source models, it may be that access to the model is limited in1169

some way (e.g., to registered users), but it should be possible for other researchers1170

to have some path to reproducing or verifying the results.1171

5. Open access to data and code1172

Question: Does the paper provide open access to the data and code, with sufficient instruc-1173

tions to faithfully reproduce the main experimental results, as described in supplemental1174

material?1175

Answer: [Yes]1176

Justification: We provide the pipeline, data-source, and evaluation details in the paper and1177

will release the code and processed assets with reproduction instructions.1178

Guidelines:1179

• The answer [N/A] means that paper does not include experiments requiring code.1180

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/1181

public/guides/CodeSubmissionPolicy) for more details.1182

• While we encourage the release of code and data, we understand that this might not1183

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not1184

including code, unless this is central to the contribution (e.g., for a new open-source1185

benchmark).1186

• The instructions should contain the exact command and environment needed to run to1187

reproduce the results. See the NeurIPS code and data submission guidelines (https:1188

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.1189

• The authors should provide instructions on data access and preparation, including how1190

to access the raw data, preprocessed data, intermediate data, and generated data, etc.1191

• The authors should provide scripts to reproduce all experimental results for the new1192

proposed method and baselines. If only a subset of experiments are reproducible, they1193

should state which ones are omitted from the script and why.1194

• At submission time, to preserve anonymity, the authors should release anonymized1195

versions (if applicable).1196
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• Providing as much information as possible in supplemental material (appended to the1197

paper) is recommended, but including URLs to data and code is permitted.1198

6. Experimental setting/details1199

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-1200

rameters, how they were chosen, type of optimizer) necessary to understand the results?1201

Answer: [Yes]1202

Justification: We report the main training setup in §4.2 and §5.1, and give the test splits,1203

metrics, and baseline protocols in §5 and App. ??.1204

Guidelines:1205

• The answer [N/A] means that the paper does not include experiments.1206

• The experimental setting should be presented in the core of the paper to a level of detail1207

that is necessary to appreciate the results and make sense of them.1208
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7. Experiment statistical significance1211
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Answer: [Yes]1214
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App. ??.1217

Guidelines:1218

• The answer [N/A] means that the paper does not include experiments.1219
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the experiments?1242

Answer: [Yes]1243
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GH200 setup, training time, stages, and effective batch sizes.1245
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or cloud provider, including relevant memory and storage.1249

• The paper should provide the amount of compute required for each of the individual1250

experimental runs as well as estimate the total compute.1251
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Ethics.1263
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deviation from the Code of Ethics.1265

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-1266

eration due to laws or regulations in their jurisdiction).1267

10. Broader impacts1268
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societal impacts of the work performed?1270

Answer: [Yes]1271

Justification: We discuss the potential societal impacts of our work in App. A.1272
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release of data or models that have a high risk for misuse (e.g., pre-trained language models,1298
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applicable), such as the institution conducting the review.1387

16. Declaration of LLM usage1388

Question: Does the paper describe the usage of LLMs if it is an important, original, or1389

non-standard component of the core methods in this research? Note that if the LLM is used1390

only for writing, editing, or formatting purposes and does not impact the core methodology,1391

scientific rigor, or originality of the research, declaration is not required.1392

Answer: [Yes]1393

Justification: We describe Qwen3-VL as our frozen vision–language backbone in §4, and1394

Qwen/vLLM query generation in §3 and App. B.1395

Guidelines:1396

• The answer [N/A] means that the core method development in this research does not1397

involve LLMs as any important, original, or non-standard components.1398

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not1399

be described.1400

41


	Introduction
	Related Work
	Data Pipeline for AFUN
	Method
	Network Architecture
	Training Scheme

	Experiments
	Implementation Details
	Affordance Evaluation
	Affordance Segmentation Evaluation
	Contact Point Evaluation
	3D Motion Evaluation

	Ablations
	Real-Robot Demonstration

	Conclusion
	Limitations, Failed Case Analysis and social responsibility
	Dataset Pipeline Details
	Cross-Dataset Preprocess
	Mainprocess
	Gallery on the AFUN dataset
	Converting HOVA-500K for Segmentation Training

	Extended Evaluation Qualitative Results
	More Qualitative Results

