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Table 1. Comparison with the state-of-the-art models on the closed-set referring segmentation benchmarks (RefCOCO series) and more
challenging generalized referring expression segmentation benchmark gRefCOCO. { denotes models using pre-trained SAM [21] for mask
generation. * means using gRefCOCO for training while other methods are evaluated in zero-shot manners. Our HyperSeg exhibits excellent
performance over other zero-shot models like LaSagnA [45] and PSALM [60].

Type Method RefCOCO RefCOCO+ RefCOCOg gRefCOCO
yP val testA testB | wval testA testB | val(U) test(U) val testA  testB
VLT [11] 67.5 705 652 | 563 610 50.1 55.0 57.7 52.5%  622% 50.5%
Segmentation CRIS [44] 70.5 732 66.1 | 623 68.1 53.7 59.9 60.4 55.3*% 63.8*% 51.0%
Specialist LAVT [54] 727 758 688 | 62.1 684 551 61.2 62.1 57.6%  65.3*% 55.0%
PolyFormer-B [30] 748 76.6 T1.1 | 676 729 593 67.8 69.1 - - -
LISA-7B [22] 1 749 79.1 723 | 65.1 70.8 58.1 67.9 70.6 38.7% 52.6% 44.8*
PixelLM-7B [41] 73.0 765 682 | 66.3 71.7 583 69.3 70.5 - - -
F-LMM-7B [49] & 76.1 - - 66.4 - - 70.1 - - - -
GSVA-7B [50] § 764 774 728 | 645 677 586 71.1 72.0 61.7* 69.2* 60.3*
MLILM-based GroundHog-7B [33] 785 799 757 | 705 750 649 74.1 74.6 66.7* - -
Segmentation Network SAM4MLLM-7B [6]1 | 79.6 828 76.1 | 73,5 778 65.8 74.5 75.6 66.3*% 70.1* 63.2*
LaSagnA-7B [45] 1 76.8 787 738 | 664 706 60.1 70.6 71.9 38.1 504  42.1
OMG-LLaVA [59] 78.0 80.3 74.1 | 69.1 73.1 63.0 72.9 72.9 - - -
GLaMM [40] & 795 832 769 | 72,6 787 64.6 74.2 74.9 - - -
PSALM [60] 83.6 847 8l6 | 729 755 70.1 73.8 74.4 42.0 52.4 50.6
HyperSeg 848 857 834 | 790 835 752 79.4 78.9 47.5 57.3 52.5
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Table 2. Comparison with the state-of-the-art models on more complex and challenging reasoning segmentation benchmarks: ReVOS
in video domain and ReasonSeg in image domain. { denotes the same meaning as Tab. 1. Our HyperSeg outperforms all the previous
VLLM-based models in both video and image reasoning segmentation tasks.

Method Backbone ReVOS-Reasoning ReVOS-Referring ReVOS-Overall ReasonSeg
J F  IJ&F | T F J&F | T F  J&F | gloU cloU
LMPM [12] Swin-T 133 243 188 |29.0 39.1 341 |21.2 31.7 2064 - -
ReferFormer [47] Video-Swin-B 213 256 234 | 312 343 327 |262 299 281 - -
LISA-7B [22] & ViT-H 33.8 384 36.1 | 443 47.1 457 | 39.1 427 409 | 529 540
LaSagnA-7B [45] & ViT-H - - - - - - . - - 48.8 472
SAM4MLLM-7B [6] t | EfficientViT-SAM-XL1 - - - - - - - - - 46.7 48.1
TrackGPT-13B [63] § ViT-H 38.1 429 405 | 483 506 495 | 432 468 45.0 - -
VISA-7B [52] 1 ViT-H 36.7 417 392 | 51.1 547 529 | 439 482 46.1 527 57.8
VISA-13B [52] % ViT-H 383 435 409 | 523 558 54.1 | 453 497 475 - -

HyperSeg-3B | Swin-B | 502 558 53.0 | 56.0 609 585 |531 584 557 | 592 567
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Table 3. Quantitative results on the closed-set COCO-Panoptic segmentation, open-vocabulary segmentation (-OV) benchmarks. Our model
HyperSeg achieves remarkable performance compared with the previous state-of-the-art methods.

COCO-Panoptic ADE-OV Citys-OV | PC59-OV | PAS20-OV
Type Method Backbone -5 10U PQ  mloU }l;Q mloU mloU
Mask2former [7] Swin-B 55.1 63.1 - - - - -
OneFormer [ 19] Swin-L 57.9 67.4 - - - - -
Segmentation SEEM [65] DaViT-B 56.1 66.3 - - - - -
Specialist MaskCLIP [13] ViT-L 30.9 47.6 15.1 23.7 - 45.9 -
DeOP [16] ResNet-101c¢ - - - 22.9 - 48.8 91.7
SimBaseline [51] ViT-B - - - 205 - 47.7 88.4
DaTaSeg [15] ViTDet-B 52.8 62.7 12.3 18.3 28.0 51.1 -
OMG-LLaVA [59] | ConvNeXt-L | 53.8 - - - - - -
Seamentation Network | PSALM [22] SwinB | 559 666 | 137 182 | 2838 48.5 813
HyperSeg Swin-B 61.2 77.2 16.1 223 31.1 64.6 92.1
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« B{RBIIZIZL. visual-prompted semi-supervised VOS (DAVIS17), text-
prompted referring video object segmentation (Ref-YouTube-VOS, Ref-
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Table 4. Results of common video segmentation benchmarks,
including DAVIS17, Ref-YouTube-VOS, Ref-DAVISI7, and

YouTube-VIS 2019. i denotes the same meaning as Tab. 1.

DAVIS17 | Ref-YT | Ref-DAVIS | YT-VIS

Method Backbone TCF TCF TLF AP
SEEM [65] DaViT-B 62.8 -
OMG-Seg [24] ConvNeXit-L 74.3 - - 56.4
ReferFormer [47] Video-Swin-B = 62.9 61.1 =
OnlineRefer [46] Swin-L - 63.5 64.8 -
UNINEXT [25] ConvNeXt-L 77.2 66.2 66.7 64.3
LISA-7B [22] & ViT-H 539 64.8

VISA-13B [52] & ViT-H 63.0 70.4
VideoLISA-3.8B [3] I ViT-H - 63.7 68.8 -
HyperSeg-3B Swin-B 77.6 68.5 71.2 53.8
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Table 5. The mutual influence between different tasks. Task-specific means training task-specific models only on data from corresponding

tasks, Refer+Reason denotes the model is trained on referring and reasoning segmentation data, and Video and Image denote different
training visual types: training on video data and image data, respectively.

Task-specific | Refer+Reason | Video | Image RefCOCO COCO . RcV"OS. YT-VIS
val  testA testB | PQ mloU | Reasoning Referring Overall | mAP
v 83.8 859 822 | 608 75.1 51.2 56.6 53.9 50.7
v 833 849 809 - - 53.1 57.3 55.2 .
v 85.6 86.1 824 | 609 76.5 - - - -
v - - - - - 51.1 57.0 54.1 50.4
v 848 857 834 |61.2 772 53.0 58.5 55.7 53.8

s REFZREAMDOLLMT L IR % FHiE

Table 6. The comparison of different LLMs and backbone usages. w/o CLIP means without using CLIP vision encoder.

Method LIM COCO ReVOS ADE-OV | PC59-OV | PAS20-OV

cHho PQ mloU | Reasoning Referring Overall mloU mloU mloU

LISA [22] Vicuna-7B - - 36.1 45.7 40.9 - - -

VISA [52] Vicuna-13B - - 40.9 54.1 47.5 - - -
PSALM(w/o CLIP) [22] | Phi-1.5-1.3B | 55.9 66.6 - - - 18.2 48.5 81.3
HyperSeg (w/o CLIP) Phi-1.5-1.3B | 61.1  76.0 44.0 49.7 46.9 18.9 60.0 90.6
HyperSeg Phi-1.5-1.3B | 60.9 76.7 50.8 57.0 539 20.3 61.5 90.8
HyperSeg Phi-2-2.7B | 61.2 77.2 53.0 58.5 55.7 22.3 64.6 92.1
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Table 7. Ablation on the core components of HyperSeg. FVP Table 8. Ablation on the Fine-grained Visual Perceiver design. CW  Table 9. Ablation on the temporal adapter for video tasks, including
and HER denote the proposed Fine-grained Visual Perceiver and denotes the Conditional Weight illustrated in Sec. 3.3, and Scale global prompt aggregation (global) and local space-time informa-

Hybrid Entity Recognition modules. denotes the total scale in the proposed FVP module. tion injection (local).
YT-VIS COCO RefCOCO YT-VIS Coco RefCOCO Ref-DAVIS17 | ReVOS | YT-VIS
CcwW Scale
VP HER T — P T PQ mioU | cloU mAP [ PQ  mloU |  cloU Global |- Local TCF TJ&F | mAP
48 .4 54.8 66.2 82.8 singl.e-layer 49.7 55.8 68.0 83.7 67.3 54.1 47.9
508 | 558 666 | 846 / mziyzz gg‘: 2?2 ;3‘2‘ 2:'; 68.8 545 | 485
v 520 | 597 746 84.3 Y : ; i ; v 69.3 548 | 502
v v 538 | 612 772 84.8 v 71.2 55.7 53.8
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