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1. Dataset Details

In Fig. 1, we present examples from existing affordance
datasets alongside our proposed Affordance Evaluation
Dataset (AED), highlighting the necessity for a new eval-
uation dataset. UMD [12] is collected in a fixed lab en-
vironment with coarse annotations. RGBD-AFF [8] has
very low resolution and clean background. IIT-AFF [13]
includes humans and also annotates occluded object parts.
AGD20K [11] is annotated with keypoints and transformed
to coarse heatmaps with a Gaussian kernel. In contrast,
AED contains natural images with pixel-wise annotations.
The statistics regarding the number of images per object cat-
egory are listed in Tab. 1.
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Figure 1. Examples from existing affordance datasets.

2. Implementation Details
2.1. Affordance Data Collection

We gather training data from two large-scale egocentric
video datasets: Epic-kitchens [3] and Ego4d [5]. We utilize
narratives to collect data of 9 object categories from Epic-
kitchens, and 12 classes from Ego4d, resulting in a total

(b) Experimental objects.

Figure 2. (a) Experimental setup. (b) Seen (left) and unseen (right)
objects used in the experiments.
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Figure 3. Illustrations of 7 tasks in the robot experiments.

of 13 object classes. For graspable point localization, cor-
respondences between the pre-contact and contact frames
are detected using the SURF descriptor [2], and the homog-
raphy is then estimated by sampling at least four pairs of
points with the RANSAC [4] algorithm to maximize the
number of inliers. For functional point localization, the IoU
threshold is set to 0.3 to detect the pre-contact frame. We set
the detection thresholds to 0.1 for the hand-object detector
and 0.35 for the open-vocabulary detector.

2.2. Vision Experiments

All experiments are conducted on two GeForce RTX 3090
GPUs using the Adamw [10] optimizer, with a learning rate
of le—3 and batch size 8 for 15 epochs. DINOv2-base is
used as the feature extractor. Collected images are first re-
sized to 476 x 476 and then randomly cropped to 448 x 448.
Both horizontal and vertical flipping are used for data aug-
mentation. During training, LoRA is applied to all query,
key, and value projection layers in the transformer block.
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