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* Vision-language tasks have been unified in MLLMs s fe

* Transformer + Next token prediction
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* Fine-grained visual perception: detection, segmenttion, depth estimation...
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* How to extend MLLMs with fine-grained perception?

e MLLM + task decoder

* SAM, Grounding DINO

* Complex architectures and training
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Ltzt Vitamin C in this image? Please
output segmentation mask.
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* How to extend MLLMs with fine-grained perception?

» Conver box and mask to text
* polygon for mask
* Hard to support multi-object detection
* Low mask performance by quantization errors

Instance Seg

Methods AP APs59 AP75

Specialist Models
Faster R-CNN-FPN [73] - - -

Grounding
[a campfire](<loc,> <loc4ge7>)

DETR-DC5 [13] = - B

Kosmos-2: Multimodal Large Language Model Deformable-DETR. [106] - - -
[Itl(<loc,,> <locgg;>) sits next to Pix2Seq [21] - - -

Referring Mask R—CNN [36] 371 584 401

Polar Mask [93] 30.5 52.0 31.1

. Mask2Former [25] 43.7 - -
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MLLM can answer
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"Where” and "What”
* The category and mask information is in image features
* Modeling by similarity: Embedding Retrieval
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* Image features are typically downsampled
* e.g. 28x in InternVL
*  Upsampling by mutliple mask tokens

T _ N? N2xHp,xW,
€m; hv Sconcat = Concat({s?: 1‘:1); Sconcat € R Ry
Bl =T =
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* Multi prediction tasks: Object detection, instance segmentation
* Long sequence, inefficient, difficult to learn

* Split multiple predictions to independent subtasks

* Parallel decoding

Box Output ! Mask Output ! Multi Prediction
1 1
- ) cow, <box>...</box>
Sure, itis : Sure, It is : -
<b0x>56,4,96,122</b0x> I <MASK>...<MASK>. | du{k(_ <bOX>“,<,’;bQ}(:‘
1 1
4 I 4 : A
. | I
[ Multi-Modal Transformer ] I [ Multi-Modal Transformer } | [ Multi-Modal Transformer J
I I
' ol ! !
Can you locate the g™ I Can you segment the s A |
: ) ' 1 Detect cow,
goat nearest to the Liecer , goat nearest to the = |
v ,duck. [EEEs
stone? Ry k. | stone? _ I 2
| % |
<Text Prompt> <Image> | <Text Prompt> <Image> | <Text Prompt> <Image> <Local Feature>

— - - - - -



Training
* Multi-task training
* Five tasks: COCO Det/InsSeg/Caption, ADE20K, RefCOCO

 Evaluation: Multi-task benchmark in GIiT
e Architecture: UFO-VIT, UFO-InternVL2.5-8B

* Instruction Tuning
* 26 datasets with diverse tasks
* Evaluation: RefCOCO (REC and RES), ReasonSeg
e Architecture: UFO-InternVL2.5-8B, UFO-LLaVA-1.5-7B
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Experiments

 Multi-task benchmark

% PEKING UNIVERSITY

Rt Specific Modules N Object Detection Instance Seg Semantic Seg Captioning REC
Examples Num AP APyy AP, | AP APy AP, mloU(SS) BLEU-4 CIDEr | Acc@0.5
Specialist Models
Deformable-DETR [94] RegressionHead 5 40M 454 647 49.0 - - - - - - -
Mask R-CNN [26] FPN,RPN 6 46M 41.0 61.7 449 | 37.1 584 40.1 - - - -
Polar Mask [79] CenternessHead 5 55M - - - 30,5 520 31.1 - - - -
Mask2Former [13] PixelDecoder 3 44M - - - 437 - - 47.2 - - -
VL-T5 [15] Faster R-CNN 3 440M - - - - - - - 34.5 116.5 -
MDETR [30] RoBERTa,DETR 6 188M - - - - - - - - - 86.8
Generalist Models (MultiTask-Training)
Uni-Perceiver [95] None 1 124M - - - - - - - 32.0 * *
Uni-Perceiver-MoE [93] None 1 167TM - - - - - - - 332 * *
VisionLLM-R50 [74] Deform-DETR 6 7B 446 640 481 | 251 500 224 - 31.0 1125 80.6
GiT-Bsingle-task [69] None 1 131M 45.1 627 49.1 | 314 548 312 47.7 33.7 107.9 83.3
GiT-Bhuiti-task  [69] None 1 131M 46.7 642 507 | 319 564 314 47.8 354 112.6 85.8
GiT-Lyititask [69] None 1 387M 513 692 559 | 351 614 34.7 50.6 35.7 116.0 88.4
GiT-Hppui-task [69] None 1 756M 529 710 57.8 | 358 626 356 52.4 36.2 118.2 89.2
UFO-ViT-Bgingle-task None 1 131M 478 657 520 | 426 658 46.1 49.5 34.2 111.1 83.6
UFO-ViT-Bmulti-task None 1 131M 483 66.6 526 | 435 662 470 50.2 333 114.2 85.8
Improvement (single—smulti) +0.5 +0.9 +0.6  +0.9 +0.4 +0.9 +0.7 +1.1 +3.1 +2.2
UFO-ViT-Lyuiti-task None 1 387TM 529 713 579 | 473 709 516 54.0 35.9 118.6 88.5
UFO-ViT-Hpul-task None 1 756M 541 724 589 | 481 716 53.0 55.7 37.6 123.6 89.2
UFO-InternVL2.5-8B muiti-task None 1 8B 523 7177 56,5 | 458 695 49.7 54.6 39.6 131.6 90.4
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Experiments

e REC and RES in RefCOCO

% PEKING UNIVERSITY

Referring Expression Comprehension (REC) Referring Expression Segmentation (RES)
Methods RefCOCO RefCOCO+ RefCOCOg o RefCOCO RefCOCO+ RefCOCOg &
val testA testB | val testA testB | val test V& | val testA testB | val testA testB | val test Ve
MLLM:s with Task Decoders
GLaMM-7B [57] - - - - - - - - - 795 832 769 | 726 787 646 | 742 749 | 756
SAM4MLILM-8B [11] - - - - - - - - - 798 827 747 | 746 800 672 | 755 764 | 764

HiMTok-8B [73] - - - - - - - - - 81.1 812 79.2 | 771 788 715 | 75.8 76.7 | 71.7
PerceptionGPT-7B [53] | 88.6 925 84.6 | 82.1 886 742 | 8.1 852|850 | 751 786 717 |685 739 613 | 703 717|714

VisionLLM v2 [77] 90.0 93.1 87.1 |81.1 873 745 | 850 864 | 856|792 823 770 | 689 758 618 | 733 748 | 74.1
MLILMs w/o Task Decoders

Shirka-7B [7] 870 90.6 80.2 | 816 874 72.1 | 823 822 | 829 : = = - s = = < =
MiniGPT-v2-7B [6] 88.1 913 843 | 796 855 733 | 842 843 | 83.8 . - " - " " - - @
Ferret-v2-7B [85] 928 947 887 | 874 928 793 | 89.4 89.3 | 89.3 s = = = = < = = &
VistaLLM-7B [54] 88.1 915 83.0 [ 829 898 748 | 836 844|848 | 745 760 727 | 691 737 640 |690 709 |71.2

UFO-LLaVA-1.5-7B 90.2 935 873 | 844 903 787 | 8.4 868|872 772 8.1 764 |71.8 779 702 | 741 735 | 752
UFO-LLaVA-1.5-7B* 91.1 937 886 | 8.5 905 799 | 873 872 |80 779 81.1 770|725 785 714 | 756 74.1 | 76.0

UFO-InternVL2.5-8B 918 943 875 |89 913 806 | 879 886 |86 |80 81.6 781 |767 799 723|755 763 | 77.6
UFO-InternVL2.5-8B* | 93.1 948 89.2 | 87.7 921 823 | 8.2 892|896 810 826 786 (771 804 726 |76.7 773 | 78.3

m
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* Best performance on ReasonSeg
* Outperfoms by 6.2 gloU

Methods ’ ReasonSeg Please segment the the objects
overall short query  long query that can protect the snail and
X-Decoder [91] 1.9 20.4 ) prevent it from getting injured.
SEEM [92] 243 20.1 25.6
LISA-7B [34] 36.8 37.6 36.6 AT
LISA-7B [34]* 473 40.6 49.4 : '
Cores-7B [2] 487 41.0 50.9
Eﬁ-ﬁ: 71? 8[]§]4j Q1% ggg 2 224 =2 O Please segment the food
bi=85 [65] : i ) N (C)  containing proteins,
UFO-LLaVA-1.5-7B 54.4 41.2 58.5 N carbohydrates and other
UFO-LLaVA-1.5-7B* | 58.8 46.5 62.7 _ nutrients
UFO-InternVL2.5-8B | 60.0 48.7 63.6 \’ A
UFO-InternVL2.5-8B* |  67.0 56.2 70.4 ) @B 1Uis MASK>. <MASK>
* Extend to depth estimation and surface normal prediction
Methods RMSE| | 611 | REL] | logl0] Method | Mean Median 11.25° 22.5°  30°
Painter [70] 0.327 | 0.930 | 0.090 - i’ZONetH [3525] i8-5 11.2 9-222 0.732 0.907
sntesioagi | o | V0000 D diaidnd s e TS
UFO-InternVL2.5-8 0.305 | 0.936 | 0.087 | 0.035 UFO-InternVL2.5-8B | 17.8 104  0.543 0733 0.800
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* UFO reformulate segmentation as embedding retrieval
* Remove the need for task decoders
 Fully aligned with open-ended Language interface

* UFO explore the image representation capabilities of MLLMs
* A general way to extract information in image features

* UFO unifies both single-prediction and mutli-prediction tasks
* Parallel decoding improves efficiency and performance
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