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Experiments

Methods N Foaing COCO-20! PASCAL-5° LVIS-92¢
one-shot few-shot | one-shot few-shot | one-shot few-shot
specialist model
HSNet [41] ICCV’21 41.7* 50.7* 68.7* 73.8*% 17.4 22.9
VAT [20] ECCV’22 42 .9* 49 4* 72.4* 76.3* 18.5 227
FPTrans [62] NeurIPS’22 56.5* 65.5* TLT* 83.2* - -
generalist model
Painter [54] CVPR’23 32.8 32.6 64.5 64.6 10.5 10.9
SegGPT [56] ICCV’23 56.1 67.9 83.2 89.8 18.6 25.4
PerSAM-F [63] ICLR’24 23.5 - - - 18.4 -
Matcher [34] ICLR’24 52.7 60.7 - - 33.0 40.0
SINE this work 64.5 66.1 85.4 86.2 312 35.5

Table 1 — Results of few-shot semantic segmentation on COCO-20%, PASCAL-5%, and LVIS-92°. Gray
indicates the model is trained by in-domain datasets. * indicates that the categories in training cover the

categories in testing within the same dataset.

Det. Segm.

Misthods Yeoue 1 5|1 s Methods  Venue T .
specialist model Toihot
Meta R-CNN [59] ICCV’19 - 35| - 28 poN(1  cver2| - 308 | - 162
MTFA [12] , 25 66 | 27 66
. CVPR’21 MTFA [12] e 100 217 | 95 193
iMTFA 33 62 | 28 52 ki eveRal Y 50| 98 e
Meta-DETR [61] TPAMI'22 | - 154 | - 8.1 e N
RefT [17] arXiv'23 - 150 - 142 S 15 Wor : : : :

= -shot
g?’ljg‘”" model WU (SR [— SINE thiswork | 428 62.1 | 333 577

Table 2 — Results (AP) of few-shot object de-
tection and instance segmentation on COCO-

NOVEL with K = {1,5}.

Table 3 — Results (AP and AP50) of few-shot
object detection and instance segmentation on
COCO2VOC with K = {1, 5}.
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Methods Venue DAVIS 2017 DAVIS 2016 YouTube-VOS 2018

J&F J F J&F J F G Js F Jai F,
with video data
AGAME [22] CVPR’19 700 672 727 66.0 66.9 - 61.2 -
AGSS [30] ICCV’19 674 649 69.9 713 713 655 752 73.1
AFB-URR [28] NeurIPS’20 | 74.6 73.0 76.1 - - - 79.6 788 83.1 741 826
AOT [60] NeurIPS’21 854 824 884 | 920 90.7 933|845 843 893 779 864
SWEM [32] CVPR’22 843 812 874 | 913 899 926|828 824 869 77.1 85.0
XMem [6] ECCV’22 877 840 914 | 920 90.7 932|861 851 89.8 803 892
without video data
Painter [54] CVPR’23 346 285 408 | 703 69.6 709 |24.1 276 358 143 187
SegGPT [56] ICCV’23 756 725 78.6 | 83.7 83.6 838|747 751 802 674 759
SEEM [68] NeurIPS’23 | 589 550 628 - - - 50.0 572 382 613 433
DINOVv [27] CVPR’24 733  71.0 75.7 - - - 60.9 653 700 523 579
PerSAM-F [63] ICLR’24 76.1 749 79.7 - - - 544 539 564 50.7 56.6
Matcher [34] ICLR’24 795 765 826 | 86.1 852 86.7 - - - - -
SINE this work 770 726 813 | 823 814 832|662 69.1 576 71.7 66.5

Table 4 — Results of video object segmentation on DAVIS 2017, DAVIS 2016, and YouTube-VOS 2018.
Gray indicates the model is trained on target datasets with video data. G is the average score over the

“seen” and “unseen” classes in YouTube-VOS 2018.

Methods Venue mloU Methods Venue PQ PQ™" pQSt
specialist model specialist model

FCN [35] CVPR’15 294 PanopticFPN [24] CVPR’19 |40.8 483 294
RefineNet [29] CVPR’17 40.7 SOLOV2 [55] NeurIPS’20(42.1 49.6 30.7
DPT [48] ICCV’21 49.2 Mask2Former [5] CVPR’22 [57.8 642 48.1
Mask2Former [5] CVPR’22 57.7 UViM [26] NeurIPS’22 {45.8 - -
generalist model generalist model

Painter [54] CVPR’23 49.9 Painter [54] CVPR’23 434 - -
SegGPT [56] ICCV’23 39.6 SegGPT [56] ICCV’23  |344 - -
SINE this work 54.1 SINE this work [51.0 57.8 40.8

Table § — Transfer performance on ADE20K
semantic segmentation.

Table 6 — Transfer performance on COCO
panoptic segmentation.
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Thanks for listening.



