Mitigating Objectness Bias and Region-to-Text Misalignment for
Open-Vocabulary Panoptic Segmentation

Supplementary Material

A. Per-Image Inference Latency

We measured the per-image inference time on the ADE20k
validation set to assess computational efficiency. All three
methods run at comparable speeds: 0.31 s for FC-CLIP [7],
0.30s for MAFT+ [3], and 0.32 s for OVRCOAT. The maxi-
mum difference of 0.02 s indicates that the proposed method
delivers competitive performance without introducing sig-
nificant computational overhead.

B. Extended Qualitative Analysis

We provide five example images from the internet [1, 2, 4—
6] to highlight model performance. In three cases, the
ADE20K [8] vocabulary is extended with musical instru-
ments, workshop tools, or safari animals (Fig. 1). OVR-
COAT outperforms both FC-CLIP [7] and MAFT+ [3],
leveraging COAT to recover masks and OVR to classify
them more accurately. Nevertheless, certain instruments,
such as flutes and the baroque guitar, are not detected, likely
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due to their unconventional appearance. Tool masks are also
suboptimal, with oversegmentation (e.g., the drill) and un-
dersegmentation (e.g., the wrench and chisel) in the unseen
setting. All models miss distant animals on the safari scene,
likely due to their small size. These examples demonstrate
the superior generalisation capabilities of OVRCOAT, while
exposing common limitations.

The museum scene evaluates robustness to visually am-
biguous content: blank paintings matching the wall colour.
OVRCOAT detects the most paintings, while MAFT+ [3]
fails to detect any. One of the paintings is incorrectly in-
cluded in the wall segment by OVRCOAT, highlighting re-
maining segmentation challenges.

Finally, the Shibuya scene illustrates a real-world sce-
nario where all models perform similarly. OVRCOAT cor-
rectly classifies buildings and segments more civilians, but
fails to capture five signboards in ambiguous regions. This
underscores that such areas remain a significant challenge
for open-vocabulary models and represent a key area for fu-
ture investigation into segmentation robustness.
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Figure 1. Qualitative comparison on unconventional scenes using an extended ADE20K vocabulary.
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