Better, Stronger, Faster: Tackling the Trilemma
in MLLM-based Segmentation with
Simultaneous Textual Mask Prediction

Jiazhen Liu, Mingkuan Feng, Long Chen
May, 2026



Challenge in Dense perception

Existing Approaches:

= Paradigm 1. Embedding Prediction

LISA [CVPR’24], PixellM [CVPR24]
M2SA [ICLR'25]. READ [CVPR'25]

Resolve architectural conflict

* Paradigm 2: Next-token Prediction
Demonstration of dense perception

< VisionLLM [NIPS 24], Seqg-Zero [arXiv'25]
SegAgent [CVPR25] Text4Seqg [ICLR 25]
1. Architectural Conflict

* MLLMs: 1D token-by-token generation.
* Perception: 2D pixel-level outputs.

Resolve objective conflict

* Paradigm 3 (Ours): All-token Prediction

2. Objective Conflict STAMP [CVPR26]
* MLLMs: Optimize for high-level, abstract logic.
* Perception: Demand low-level, local detalls.

Resolve trilemma
\_ Better, Faster, Stronger;




Challenge in Dense perception

Current solution:
1. Add additional pixel-level decoder and new training objective. (Embedding Prediction)
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X Lai et al,, LISA: Reasoning Segmentation via Large Language Model, CVPR 2024
Similar works: GSVA (CVPR'24), PixelLM (CVPR'24), READ (CVPR'25) -



Challenge in Dense perception

Current solution:
1. Add additional pixel-level decoder and new training objective. (Embedding Prediction)

Decoder Ema,sk

pixel-level Catastrophic forgetting:

Forced adaptation of the architecture and

> Lioken training objectives creates internal conflicts and
token-level impairs the performance on other tasks.
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Challenge in Dense perception

Current solution:

2. Represent masks as text tokens and refine detalls via post-processing. (Next-token Prediction)

Query: Can you segment the dog laying down in the image?

Response: The segmentation mask for 'dog laying down' is shown below:\n<seg>others *16\n others
*16\n others *16\n others *16\n others *16\n others *16\n others *16\n others *16\n others *16\n dog
laying down *1| others *15\n dog laying down *4| others *12\n dog laying down *5| others *11\n dog
laying down *7| others *9\n others *16\n others *16\n others *16\n</seg>

Query: Please segment the image and highlight 'zebra, grass'.

Response: Here is the segmentation map focusing on the zebra, grass:\n<seg>grass *16\n zebra *2|
grass *2| zebra *3| grass *9\n zebra *8| grass *8\n zebra *9| grass *7\n zebra *10| grass *6\n zebra
*10| grass *6\n zebra *11| grass *5\n zebra *11| grass *5\n grass *4| zebra *2| grass *1| zebra *4|
grass *5\n grass *4| zebra *3| grass *1| zebra *2| grass *6\n grass *4| zebra *1| grass *1| zebra *I|
grass *1| zebra *3| grass *5\n grass *8| zebra *3| grass *5\n grass *9| zebra *2| grass *5\n grass *6|
zebra *1| grass *2| zebra *2| grass *5\n grass *9| zebra *1| grass *6\n grass *16\n</seg>

M Lan et al,, Text4Seg: Reimagining Image Segmentation as Text Generation, ICLR 2025
Similar works: SegZero (arXiv'25), SegAgent (CVPR'25), VisionLLM (NIPS'24) -+
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Challenge in Dense perception

Current solution:
2. Represent masks as text tokens and refine detalls via post-processing. (Next-token Prediction)

Image patches
| ‘ABal gl AR M g

Semantic descriptors

59, 56, 56, 56, 56, 5, 5, 5, 59, 59, 5, 56, 56, 5, v, ko, 56, 56, B, 6, brown o, iackidog, bisciiiog, 5, 52, S owncog backdeg, rawbacks:

black dog, sand, sand, sand, brown dog, black dog, sand, sand

Image-wise RLE EXtremely slow deCOdiﬂg
sky*14, brown dog*1, black dog*1, sky*4, browndog*1, black dog*2, sky*1, sand*2, browndog*1, blackdog*2, sand, *3, brown dog *1, blackdog*1, sand *2 Sp ee d d ue tO mass | ve mas k
Row-wise RLE [{@) kenS.

sky*6 \nsky*6 \nsky*2 , browndog*1, black dog*1, sky *2\nsky *2 , brown dog *1, blackdog *2, sky*1 \n sand *2, brown dog *1, blackdog *2, sand *1 \n
sand *2, brown dog *1, black dog*1, sand *2\n

To segment one object, Text4Seg needs 6s.



Challenge in Dense perception

Our solution:
We want the model solve the “Trilemma’:
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Challenge in Dense perception

Our solution:
We want the model solve the “Trilemma”: we propose STAMP (CVPR, 26)

All-mask Prediction (Ours)

_ token-level rich
Phase 1: Sure, the result is <SEG> --- Phase 2: s, Deer, N, ..—>
Dialogue Generation T S S S All-mask Generation A
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[ [ ( Optional)
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Jiazhen Liu et al, Better, Stronger, Faster: Tackling the Trilemma in MLLM-based Segmentation with Simultaneous Textual Mask Prediction, CVPR 2026

STAMP achieves a Better integration of dense perception into MLLMSs, enabling Faster inference of
perception maps to ground Stronger subsequent reasoning.



STAMP:

Phasel: Dialogue Generation Phase2: All-mask Generation
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STAMP:

Good segmentation performance

RefCOCO

Method LLM RefCOCO RefCOCO+ RefCOCOg Avg.
val testA  testB val testA testB val(U) test(U)

Specialised Baselines
HIPIE (n1Ps°24) [31] BERT 78.3 - - 66.2 - - 69.8 - -
ReLLA (CVvPR'23) [15] BERT 73.8 76.5 70.2  66.0 71.0 577 65.0 66.0 68.3
PolyFormer-L (cvpr23)[19] BERT 76.0 783 733 693 746 619 69.2 702 71.6
UNINEXT-L(CVPR24) [36] BERT 80.3 826 77.8 70.0 749  62.6 73.4 737 744
Paradigm: Embedding Prediction
PixelLM (CVPR’24) [28] Vicuna-7B 73.0 765 68.2 663 71.7 583 69.3 70.5 69.2
LISA (CvPr'24) [12] Vicuna-7B 74.9 79.1 723  65.1 70.8 58.1 67.9 70.6 699
LISA (CvPR’24) [12] Vicuna-13B 760 788 729 650 702 581 69.5 70.5 70.1
GSVA (CVPR'24) [35] Vicuna-7B 77.2 789 735 659 69.6 59.8 72.7 733 714
READ (CVPR'25) [25)] Vicuna-7B 78.1 80.2 732 684 73.7 604 70.1 714 719
GSVA (CVPR'24) [35] Vicuna-13B 78.2 804 742 674 71.5 60.9 74.2 75.6 728
Paradigm: Token Prediction

Mask-Decoder-Free
Text4Seg (ICLR'25) [13] Vicuna-13B 74.1 764 724 68.5 728 63.6 69.1 70.1 709
Text4Seg (ICLR"25) [13] InternLM2.5-7B 747 774 716 68.5 736 629 70.7 716 714
STAMP Qwen2-2B 777 794 761 734 764  69.7 74.9 75.1 753
STAMP Qwen2-7B 781 792 768 747 716 709 75.7 76.2 76.2

With Mask Decoder
Seg-Zero (arXiv'25) [21] Qwen2.5-3B - 793 - - 737 - - 71.5 -
Seg-Zero (arXiv'25) [21] Qwen2.5-7B - 80.3 - - 76.2 - - 72.6 -
SegLLM (ICLR'25) [32] Vicuna-7B 802 815 754 703 730 625 72.6 73.6 73.6
Text4Seg (ICLR’25) [13] Vicuna-7B 79.3 819 762 721 77.6  66.1 72.1 739 749
Text4Seg (1CLR’25) [13] InternLM2.5-7B 792 817 756 728 779 66.5 74.0 753 754
SegAgent (CVPR'25) [42] Qwen-7B 79.7 814 766 725 758 669 75.1 752 754
Text4Seg (ICLR’25) [13] Vicuna-13B 802 827 773 737 8.6 676 74.0 751  76.2
STAMP Qwen2-2B 819 837 795 7171 80.5 727 78.5 788 79.1
STAMP Qwen2-7B 831 845 808 794 828 74.6 79.9 80.4 80.7

gRefCOCO

Method LLM Val Set Test Set A Test Set B Ave.
gloU cloU gloU cloU gloU cloU
Mask-Decoder-Free
Text4Seg InternLM2.5-7B 70.0 66.1 694 709 63.1 641 67.3
Textd4Seg Vicuna-13B 703 669 698 714 638 644 678
STAMP  Qwen2-2B 739 703 736 737 675 681 712
STAMP  Qwen2-7B 744 709 738 747 68.1 69.1 71.8
With Mask Decoder
LAVT BERT 584 57.6 659 653 558 550 597
LISA Vicuna-7B 61.6 61.8 663 685 588 60.6 629
ReLA BERT 63.6 624 700 693 610 599 644
LISA Vicuna-13B 63.5 63.0 682 697 618 622 64.7
GSVA Vicuna-7B 66.5 633 71.1 699 622 605 656
Text4Seg InternLM2.5-7B 744 69.1 751 738 673 66.6 71.1
Text4Seg Vicuna-13B 748 69.8 751 743 68.0 67.1 715
STAMP  Qwen2-2B 764 722 765 757 700 69.8 734
STAMP  Qwen2-7B 776 73.6 776 772 714 71.6 74.8
ReasonSeg
Method LLM Val Test Ave.
gloU cloU gloU cloU
OVSeg Vicuna-7B 285 186 261 208 235
LISA Vicuna-7B 53.6 523 487 488 509
SegLLM Vicuna-7B 572 543 524 484 531
Text4Seg Qwen2-7B 59.1 495 571 521 545
Seg-Zero Qwen2.5-7B 626 620 575 520 585
READ Vicuna-7B 59.8 67.6 585 586 611
STAMP  Qwen2-2B 651 639 627 609 632

10



STAMP:

Dialogue capability is maintained, and even promotes segmentation capability.

Methods Training Data voa RES (val)
MMMU MMBench MMStar ScienceQA TextVQA RefC RefC+ RefCg
LISA-7B Mix 0 0 0 0 0 749 651 67.9
READ-7B Mix 1.1 0 14.4 23.2 226 781 684 70.1
Text4Seg-7B Mix 34.0 54.8 334 68.1 550 775 70.7 73.4

STAMP-2B Mix 37.8 68.7 424 72.6 69.7 822 713 79.0




STAMP:

Fast inference speed.
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