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To formally evaluate the generalization capability of LASO
models, we adopt the unseen setting introduced in LASO
[16], wherein specific affordance-object category pairs are
systematically withheld from the training data. Formally,
given an affordance type associated with multiple object
categories, we remove selected object-affordance pairs from
the training partition while preserving them in the test set.
For instance, consider the affordance type “grasp”, initially
associated with categories such as mugs and bags. In the
unseen setting, the training set excludes “grasp-mug”, thus
requiring the model to generalize the learned affordance
knowledge from the observed category (e.g., bags) to the
omitted category (e.g., mugs) during testing. Detailed def-
initions of the omitted affordance-category pairs are pro-
vided in Tab. 6, and comprehensive dataset statistics are pre-
sented in Tab. 5. Note that this setting explicitly assesses the
model’s ability to transfer affordance concepts to previously
unseen object categories.

B. Detailed Per Affordance Result

We analyze GLANCE’s performance across different affor-
dance types in Tab. 7 to understand its generalization im-

push, highlighting its ability to transfer affordance knowl-
edge beyond object categories seen during training. More-
over, even affordances not explicitly omitted in the Un-
seen setting show more stable performance, suggesting that
GLANCE fosters a more interconnected understanding of
affordance knowledge, mitigating the generalization col-
lapse seen in prior methods. These results emphasize the
model’s strength in improving affordance transferability
across diverse object categories.

C. Analysis of 2D Mask Results

As shown in Fig. 8 the 2D masks often contain noise, in-
cluding over-segmentation (excessive coverage beyond the
affordance region) and under-segmentation (missing parts
of the functional area). These imperfections pose chal-
lenges for precise affordance localization, as the 2D mask
serves as a critical prior for guiding segmentation in 3D
space. Despite these limitations, our intra-view feature re-
finement helps mitigate local inconsistencies within a single
view, while our cross-view consistency mechanism lever-
ages multi-view information to refine affordance localiza-
tion across different perspectives. This enables our model



Table 7. Performance of GLANCE for each affordance type.

‘Metric‘ lay sit support grasp lift contain open wrap_grasp pour move display push pull listen wear press cut stab
IOU |22.1 473 245 227 362 30.1 304 5.8 23.1 129 39.1 103 286 235 50 195 157 41.0

S| AUC | 885 97.0 91.0 835 932 896 923 69.6 90.4 79.7 932 85.8 845 935 693 945 94.3 100.0
®| SIM |0.644 0.742 0.716 0.597 0405 0.609 0430  0.717 0.652 0.581 0.646 0.419 0.243 0.641 0.620 0.490 0.754 0.543
MAE [0.101 0.067 0.085 0.114 0.066 0.095 0.050 0.130  0.085 0.134 0.075 0.078 0.039 0.111 0.146 0.046 0.073 0.022
IOU | 19.1 41.7 139 153 345 246 233 4.2 169 94 325 96 173 232 41 158 88 345

§ AUC | 753 822 76.6 663 830 748 76.1 50.4 689 587 770 720 739 806 57.6 788 77.6 82.1
£ SIM |0.565 0.633 0.590 0.455 0.398 0.492 0.330  0.465 0.498 0.450 0.498 0.380 0.196 0.559 0.504 0.388 0.578 0.404
=| MAE [0.081 0.056 0.070 0.109 0.036 0.081 0.048 0.145 0.085 0.128 0.081 0.065 0.037 0.082 0.126 0.042 0.052 0.026

to recover missing regions and suppress irrelevant areas,
improving robustness even when the initial 2D masks are
noisy. These findings highlight the effectiveness of our ap-
proach in reducing reliance on perfect 2D masks, making it
more adaptable to real-world scenarios where segmentation
errors are inevitable.

D. Limitations and Future Work

While our approach enhances generalization in language-
guided affordance segmentation, several challenges remain:
(1) Real-world deployment requires further validation, as
sensor noise and occlusions may impact performance. (2)
Multi-view rendering introduces computational overhead,
though the trade-off is manageable in datasets with lim-
ited views and can be optimized through parallelization.
(3) Dependence on 2D segmentation quality may lead to
error propagation, although our method maintains reason-
able performance even with imperfect masks. Future work
could explore real-world robotic validation, lightweight al-
ternatives to multi-view processing, and uncertainty-aware
segmentation to improve robustness and efficiency.
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