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1. Motivation

» Existing vision LLM: not professional enough in visual task unification

Describe the image in detail. Please output

@ interleaved segmentation mask

$0

C@ Coarse-grained instance-level understanding

*  Most vision MLLMs only support coarse-grained,
instance-level visual understanding:

*  This can lead to imprecise visual intetpretations.

* Also due to the lack of visual grounding, these
MLILMs will potentially produce hallucinations.

The image showcases a large, white building with a red
B86E, surrounded by a well-manicured lawn and palm EXees.
The is visible over the building, the pavement, and the
The grass is also seen extending to the pavement.




1. Motivation

» Existing vision LLM: not professional enough in visual task unification

C@ Lack of unified support for both images and videos

Unified support




1. Motivation

» Existing vision LLM: not professional enough in visual task unification

C@ Insufficient coverage across various vision tasks

Vision Segmentation & Grounding

Q: How many chromosomes
do these creatures have?
A:23

Vision Semantic Understanding & Reasoning

Vision Synthesis & Generation

Vision Editing & Inpainting




1. Motivation

» Existing vision LLM: not professional enough in visual task unification

Vision Supporting Pixel/Regional Segmenting/
Model . .
Understanding Grounding

Generating  Editing

Image Video

Flamingo [1] v X X X X X
BLIP-2 [45] v X X X X X
MiniGPT-4 [126] v X X X X X
LLaVA [57] v X X X X X
GILL [39] v X X X v X
Emu [90] v X X X v X
MiniGPT-5 [125] v X X X v X
DreamLLM [23] v X X X v X

- GPT4RoI[122) /  x o T T o ) S X
NExXT-Chat [118] v X v v X X
MiniGPT-v2 [13] v X v v X X
Shikra [14] v X v v X X
Kosmos-2 [72] v X v v X X
GLaMM [78] v X v v X X
Osprey [117] v X v v X X
PixelLM [79] v X v v X X
LLaVA-Plus [58] v X X v v v
VideoChat [46] X v X X X X
Video-LLaMA [120] X v/ X X X X
Video-LLaVA [52] v / X X X X
Video-ChatGPT [61] X v X X X X
GPT4Video [99] X v X X v X

- PG-Video-LLaVA [67] X VA v X ) ) S
NEXT-GPT [104] 7 v X X v X

~ VITRON (Ours) T T T T o T T o T o




2. Proposed Model: <@ Vitron
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2. Proposed Model: <@ Vitron

> Architecture
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2. Proposed Model: <@ Vitron

» Hybrid LLM-to-decoder instruction-passing mechanism

Image | Image -' Iy Video | Video Video
Segmentation il Generation 1 Segmentation il Generation Editing

— ———————————— ———— ——— ————— ———

{ Task-specific Feature Task-invariant Fine-
| P grained Feature

|
|
- O 0O 06 o

— —— —————————————————————————

Large Language Model

*  Via Discrete texts: *  Via Continuous signal embeddings :
Accurately invoking different Supplementing with richer modality-preserved
backbone modules visual features that cannot be directly

described through discrete text




2. Proposed Model: <@ Vitron

» Pixel-aware Synergistic Vision-Language Understanding Tuning

- Basic Multimodal Comprehension and Generation Skill Training

*  Opverall Vision-Language Alionment Learning
*  Text Invocation Instruction Tuning
*  Embedding-oriented Decoder Alignment Tuning

- Fine-grained Spatiotemporal Vision Grounding Instruction Tuning

*  Image Spatial Grounding
*  Video Spatial-Temporal Grounding
*  Grounding-aware Vision QA

- Cross-task Synergy Learning




2. Proposed Model: <@ Vitron

» Cross-task Synergy Learning Task Output Task 1? Label
*  Without any collaboration, integrating Discriminator 6
all existing specialists together might be
meaningless. Task, == ITask, TTas:l\ I
Task-specific Feature Tasﬁﬁ;ﬁgﬁw'

"X E K & X
'*‘ Large Language Model [6 LORAJ

Figure 3: Illustration of the synergy module.

@ * decoupling task-specitic features from task-invariant features,
* then use a third-party disctiminator to determine the current task based solely on the
shared task-invariant feature representation.




3. Experiment

» Main Evaluation

4 vision task groups, covering 12
tasks across 22 datasets

High-level Visual Semantics

Pixel-level Vision Understanding

Video QA

Low-level Visual Semantics

Vision Segmentation & Grounding

Panoptic Instance Semantic Referring Image/Video Referring Image QA

Captioning Captioning

Q: Why is the child sitting on a
cardboard? A: trying to slide
down the slope.

a drawing of a pink woman on the right
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and blue pokemon in white shirt
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3. Experiment

» Main Evaluation

“Method FID () Method FID (]) CLIPSIM (1)

M Method RefCOCO [40] RefCOCO+ [123] RefCOCOg [68]
In Val TestA TestB Val TestA TestB Val Test
M LAVT [120] 72.7 75.8 68.8 62.1 68.4 55.1 61.2 62.1
Pr GRES [61] 73.8 76.5 70.2 66.0 71.0 57.7 65.0 66.0
N LISA [46] 74.1 76.5 71.1 62.4 67.4 56.5 66.4 68.5
Ei NEXT-Chat [126] 74.7 78.9 69.5 65.1 71.9 56.7 67.0 67.0
v VITRON 75.5 79.5 72.2 66.7 72.5 58.0 67.9 68.9

w/o syng. -2.4 -2.0 -1.9 -1.7 -2.1 -1.5 -1.8 -1.6

Table 2: Results (cloU) of referring image segmentation. ‘w/o syng.”: without synergy learning.
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3. Experiment
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Figure 5: The impact of various fine-grained visual grounding learning strategies.
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