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Grasp Cut Scoop Contain Wrap-grasp Pound Support
P ro b I e m S - IoU Fé" IoU Fé‘“‘ IoU | Fé" IoU | F,[;V IoU Fﬁ“ IoU FE" IoU Fl[;*"
upervise
ResNet [34] 0.71 - 0.79 - 0.86 - 0.86 - 0.84 - 0.72 - 0.55 -
Intra-Class Targets Inter-Class Targets ADNet [35] - 0.73 | - 072 | - 0.80 | - 0.85 | - 0.81 | - 0.87 | - 0.76
AffNet [3] - 0.73 | - 0.81 | - 0.76 | - 0.83 | - 082 | - 0.79 | - 0.84

*How can robots use novel objects?
*Can we use known affordance masks to find
corresponding affordance regions in unseen scenes?

Unsupervised / One-Shot Transfer
BAM-ResNet [40] | 0.26 | 0.26 | 0.28 | 0.23 | 0.52 | 0.57 | 0.57 | 0.60 | 0.42 | 0.45 | 0.45 | 0.50 | 0.43 | 0.60
BAM-VGG [40] 0.15 | 0.17 [ 017 | 0.13 | 043 | 045 | 0.56 | 0.59 | 0.41 | 045 | 0.39 | 044 | 0.27 | 041
DINO-VIT [8] 045 0.51 | 057 | 0.64 | 0.61 | 0.64 | 0.42 | 048 | 0.53 | 0.62 | 0.66 | 0.76 | 0.66 | 0.75
AffCorrs (ours) 0.55 | 0.65 | 0.72 | 0.81 | 0.73 | 0.81 | 0.82 | 0.87 | 0.83 | 0.89 | 0.78 | 0.87 | 0.82 | 0.87

| Human level ‘ 0.59 ‘ 0.79 ‘ 0.64 ‘ 0.82 ‘ 0.66 | 0.83 | 0.72 | 0.79 ‘ 0.73 ‘ 0.74 ‘ 0.74 ‘ 0.74 ‘ 0.74 ‘ 0.75 ‘
Table 1: Comparison of per-affordance metrics on intra-class pairs.

Given a single reference image and its annotation, we
want to find its region correspondence in the target
image.

Grasp Cut Scoop Contain Wrap-grasp Pound Support
IoU ‘ Fﬁ;“' IoU ‘ F;‘ IoU | Fg’ IoU | Fé“' IoU ‘ Fﬁ“ IoU ‘ Fé‘" IoU ‘ Fé"'

Supervised

|Rccht[34] ‘0.33‘ - ‘0.51‘ - ‘0.69| - |0.52| - ‘0.85‘ - ‘0.09‘ - ‘0.51‘ - ‘

Unsupervised / One-Shot Transfer

BAM-ResNet [40] | 0.22 | 0.25 | 0.22 { 0.25 | 0.20 | 0.21 | 0.51 | 0.54 | 0.17 | 0.18 | 0.15 | 0.16 | 0.12 | 0.13
BAM-VGG [40] 0.13 { 0.15 | 0.13 ] 0.14 | 0.17 | 0.18 | 0.50 | 0.52 | 0.16 | 0.18 | 0.13 | 0.15 | 0.05 | 0.05
DINO-VIT [8] 039 [ 045 | 050 | 0.57 | 0.58 | 0.60 | 0.30 | 0.34 | 0.56 | 0.64 | 0.66 | 0.75 | 0.68 | 0.76
AffCorrs (ours) 0.39 | 041 | 0.51 | 0.50 | 0.62 | 0.65 | 0.71 | 0.75 | 0.83 | 0.87 | 0.72 | 0.73 | 0.82 | 0.79

Table 2: Comparison of per-affordance metrics on inter-class pairs.
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Step 1: Pre-processing Step 2: Correspondence Step 3: Post-Processing

1. We utilize pre-trained DINO-ViT model to find
descriptors retaining semantic context.

2. The descriptors of the query and target images are

grouped into clusters. Limitations

AffCorrs struggles to find good matches in

severe clutter. Moreover, the model confuses
between an object’s texture and an actual object.
The transformer’s positional encoding biases the
model toward matching similar locations instead of
the actual correspondence.

3. Each group in either image 'votes' for the groups in the
other image, ensuring cyclic bi-directional matching.

4. Finally, descriptor groups in the target image are
scored, and a smooth mask is produced via CRF.
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