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A THE USE OF LLMS

We used ChatGPT-4o to polish our manuscript, using the following prompt:

I want you to act as an expert in scientific writing. I will
provide you with some paragraphs in English and your task is
to improve the spelling, grammar, clarity, conciseness, and
overall readability of the text provided, while breaking down long
sentences, reducing repetition and increasing logic. You should use
artificial intelligence tools, such as natural language processing,
rhetorical knowledge, and your expertise in effective scientific
writing techniques to reply. Provide the output as a table in
a readable mode. The first column is the original sentence, the
second column is the sentence after editing, and the third column
provides explanation of your edits and reasons. Please edit the
following text in a scientific tone:

B APPENDIX

B.1 ABLATION FOR BOUNDARY ACCURACY

To evaluate boundary prediction accuracy, we tested our model under the GTA5 → Cityscapes set-
ting. We compared QPrompt-R1 with the RTSS methods PIDNet, Next-ViT, and the DGSS methods
Mask2Former and REIN. .The 1px B-mIoU and 3px B-mIoU metrics measure boundary mIoU at
1 and 3 pixels from the ground-truth boundaries, respectively. As shown in Table 10, our model
performs similarly to Mask2Former and REIN, but without multi-scale features or pixel encoders,
instead using a lightweight transposed-conv upsampler. This results in speed improvement with
higher FPS. These demonstrate that our approach effectively balances efficiency and boundary ac-
curacy, with no substantial loss in segmentation quality.

Table 10: Performance about Boundary accuracy.

Method 1px B-mIoU 3px B-mIoU mIoU FPS
PIDNet 25.4 29.3 45.7 46
Next-ViT 17.1 31.6 50.1 57
Mask2Former 43.5 45.8 63.7 11
REIN 44.1 46.5 66.4 10
QPrompt-R1 42.7 45.3 66.1 54

B.2 GRQA APPLY TO GENERAL SEGMENTATION

Since the GRQA algorithm leverages mutual supervision between queries for optimization, it can
be applied to improve query-based models for general semantic segmentation, not just domain-
generalized task. We conduct additional in-domain testing on the Citys→Citys setting. As shown
in Table 11, we found that GRQA still provides performance improvement in general semantic
segmentation.

B.3 PERFORMANCE COMPARISON WITH PROMPTED SAM MODELS

We also compared our model with prompt-based methods, specifically FastSAM (Zhang et al.,
2023) and Grounded SAM(Ren et al., 2024). Since SAM produces class-agnostic masks, we tested
them under the open-vocabulary semantic segmentation setting, where we used text prompts that
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Table 11: Performance comparison general semantic segmentation (Citys→Citys)

Method Citys→Citys (mIoU)
QPrompt 79.2
+GRQA 80.4

Mask2Former 82.4
+GRQA 83.1

include class labels to make the predicted masks class-specific. The experiments were conducted on
Cityscapes, and as shown in Table 12, our model outperforms both FastSAM and Grounded SAM,
achieving significantly higher mIoU and FPS. Additionally, we observed that the speed bottleneck
of FastSAM lies in mask classification, rather than in the ”everything” mode used for class-agnostic
mask prediction.

Table 12: Performance Comparison with Prompted SAM Models.

Method mIoU (Citys) FPS

FastSAM 32.6 < 1
Grounded SAM 36.7 < 1
Ours 66.1 54
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