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Entity Segmentation
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Each entity is a thing or stuff that does not consider category information



EntitySeg Dataset

The Distribution of Image Resolution
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CropFormer

Add high-resolution crop inputs to improve the quality of fine-grained
entity segmentation.

Crop Dataloader

Crop & Resize
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Generate batch queries Qy, that are fully shared by the full image and
its crop to represent the same entities consistently

Qb = FEN(SAtt(XAtt(fy(Ezo), fi(Es), f,(Eq))))
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two separate losses L; and L; for image- and batch-level
predictions



Method Decoder AP®  AP;, APZ RT (ms)

SS-Mask2Former Image-O 39.5 56.9 40.2 637
SS-Mask2Former( x ) Image-O 39.9 57.4 40.3 876

MS-Mask2Former Image-O 39.2 56.3 39.5 1324
MS-Mask2Former Batch-OC 39.3 56.4 39.7 2783
Image-O 39.3 56.7 39.8 637

CropFormer Batch-O 39.1 56.6 39.7 1514

Batch-C 40.2 57.5 40.8 1507

Batch-OC 41.0 584 41.9 1545

Table 7: Ablation study on the ensemble strategy on full
image and four crops. The ‘Decoder’ column indicates
whether we use the inference result of the full image (*O’),
four cropped patches (‘C’), or both of them (*OC’) from
the ‘Image’ or ‘Batch’ decoder. Here, the run-time (RT) is
the time of network forward except the data processing and

calculated on A100 GPU.



4 | AP® Train Test | AP® XAtt SAtt FFN| AP¢
0.5]385 Random | Fixed (4)]39.7 v o o [40.7
0.6 ] 40.2 Fixed (4) | Fixed (4) | 41.0 v o v 408
0.7 41.0 Fixed (4) | Fixed (8) | 41.3 v v o |40.8
0.8]40.9 Fixed (8) | Fixed (8)| 41.0 v v v 410
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Table 9: Ablation study on the usage of crop ratio o, crop
type and association module in CropFormer. In sub-table
(b), ‘Random’ indicates random crops and ‘Fixed (4/8)" in-
dicates 4 or 8 fixed corner crops. In sub-table(c), v'and o
means whether we use the module or not.



