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DINOX

T-Rex2

Grounding 

DINO 1.6

开集检测 通用视觉感知

RexSeek

ChatRex

+ Text Prompt Detection

+ Visual Prompt Detection

+ Multi Task Head

+ MLLM-based Detection

+ Referring Object Detection
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计算机视觉三大任务

感知 (Perception) 理解 (Understanding) 生成 (Generation)
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视觉感知是机器和物理世界交互的基础

Vision + Action

Vision + ActionLanguage

Programming Language

ChatGPT

Vision: DETR / DINO

GPT-4V Grounding DINO → MLLM

+Language+Vision
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什么是视觉感知？
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person. cup. 

bowl. light. 

chair. 

coffee machine. 

microwave. 
refrigerator. 

laptop. robot. 

table

什么是视觉感知？以物体检测为例
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物体检测范式的迁移：闭集检测 vs. 开集检测

检测模型

预测box

分类：动态类别

语言模型

dog. cat. stick. beach

检测模型

…

预测box

分类：固定类别数

0:dog 1:cat 99:car

dog cat stick beach

✓  
✓   

Word 

Embedding

语言提示
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• 给定一张图片和任意的提示（文本提示，视觉提示）

• 模型能够根据提示检测出任意的物体，而不需要微调

开集检测的目标
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Detection 

Model

Box Prediction

Classification: 

Dynamic Classes

Language 

Model

dog. cat. stick. beach

Detection 

Model

…

Box Prediction

Classification：
Fixed # of Classes

0:dog 1:cat 99:car

dog cat stick beach

✓  
✓   

Word 

Embedding

Language Prompt

基于文本提示的开集检测模型



Grounding DINO 1.5: Advance the “Edge” of Open-Set Object Detection
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DINO

BERT

Grounding DINO 1.5: Advance the “Edge” of Open-Set Object Detection
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Pro V.S. Edge: Overall Architecture

1.5 Pro

BERT-Base ViT-L

6 x Transformer 

Encoder, Multi-

Scale

6 x Transformer 

Decoder

1.5 Edge

BERT-Base EfficientViT-L1

1 x Transformer 

Encoder, Multi

Scale

6 x Transformer 

Decoder

Cai, Han, et al. "Efficientvit: Lightweight multi-scale attention for high-resolution dense prediction”. ICCV 2023.



https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/jetson-orin/

Specification Orin NX RTX 3090

CUDA Cores 1024 cores 10496 cores

Tensor Cores 32 cores 328 cores

GPU Max Freq. 918MHZ 1695MHZ

TOPS 100 TOPS ~285TOPS

边缘计算设备部署 (NVIDIA Orin NX)



边缘计算设备部署 (NVIDIA Orin NX)
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Detection 

Model

Box Prediction

Classification: 

Dynamic Classes✓

Detection 

Model

Box Prediction

Classification: 

Dynamic Classes

Language 

Model

dog. cat. stick. beach

dog cat stick beach

✓   

Detection 

Model

Param 

Share

Word 

Embedding

Visual 

Embedding

Visual Prompt

Language Prompt

文本提示 v.s. 视觉提示
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基于文本提示的方法面临的困境

• 可以使用自然语言描述待检测物体

• 需要进行文本与视觉模态的对其，受长尾数据短缺的影响

• 存在大量物体无法用语言进行描述

object category

o
b
je

ct
fr

e
q
u
e
n
cy

closed-set text prompt visual prompt

COCO : 

80 cates

ferris wheel
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• 可以通过视觉样例来表示待检测物体

• 难以很好的表征通用概念

“ Dog ”

需要大量的样本来表示一个通用的概念

基于视觉提示的方法面临的困境



T-Rex2: 视觉提示与文本提示的融合
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Text Prompt Encoder: CLIP

Visual Prompt Encoder: Deformable Cross Attention 

Modality Alignment: Contrastive Learning

DINO-based End-to-End model

T-Rex2: 视觉提示与文本提示的融合
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T-Rex2 对于密集物体检测性能极佳



DINOX：集成更多视觉任务
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• 文本提示
• 视觉提示
• 万物提示

输入形式

输出形式

• 检测框
• 分割
• 关键点
• 语言描述



DINOX：模型结构
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万物提示工作流 ( Universal Proposal + TinyLM）
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Universal Proposal

DINOX

检测 Queries

粗粒度 Prompt

细粒度 Prompt

粗粒度 proposal (O365)

细粒度 proposal (SA-1B)

可学习 Prompt



万物提示工作流 ( Universal Proposal + TinyLM）
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TinyLM

输入图片

DINOX

粗粒度 Prompt

TinyLM

输出 box 特征

Batch 拼接

dog
cat

ball
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目标检测下一步是什么？

闭集检测 文本提示开集检测 视觉提示开集检测

DETR Grounding DINO T-Rex
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基于多模态大语言模型的目标检测模型

蒋擎

7-11



大量的可检测实体都可以用文本表示

摔倒检测 佩戴安全帽检测 工位睡觉检测

抽烟检测行人安全检测

“person fallen” “person that are not wearing helmet” “person that is sleeping”

“person on the crossroad” “person that are smoking”

交通管理

“cars that are crushed”

智慧农业

“tomato that are not ripe”

目标检测下一步是什么？



“Incidents of street insecurity” “Home invasion” “inappropriate nursing”

“Childcare” “Traffic security”

大量的可检测事件都可以用文本表示

目标检测下一步是什么？



“helmet”

“yellow helmet”

“tomato”

“ripe tomato”

“laptop”

“laptop that is on”

发现 1: SOTA 的开集检测模型缺乏语言理解能力

目标检测下一步是什么？



发现 2: SOTA 的多模态大语言模型缺乏细粒度的感知能力

User: Please help me detect person in 

this image

MLLMs:

“Sure, here is person [[90, 70, 120, 340], 

[110, 70, 125, 400]]”

• coordinate shift

• tiny object detection

• dense object detection

目标检测下一步是什么？
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检测模型：强感知, 弱理解

多模态大语言模型：弱感知, 强理解

下一步: 构建一个同时俱备强感知和强理解的多模态模型

目标检测下一步是什么？
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ChatRex: Taming Multimodal LLM for Joint Perception and Understanding

Jiang Q, Luo G, Yang Y, et al. Chatrex: Taming multimodal llm for joint perception and understanding[J]. arXiv preprint arXiv:2411.18363, 2024.
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动机: 多模态大语言模型如何做检测?

将坐标当作文本来直接预测[1].

[1] Chen T, Saxena S, Li L, et al. Pix2seq: A language modeling framework for object detection[J]. arXiv preprint arXiv:2109.10852, 2021.

Pix2Seq[1]

LLM

Vision 

Encoder
Tokenizer

“detect banana”

“Sure, here is banana [[90, 70, 120, 340], 

[110, 70, 125, 400]]”

Modern MLLMs



www.idea.edu.cn

但是多模态大语言模型的检测性能很差

Low Recall Rate

动机: 多模态大语言模型如何做检测?
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动机: 挑战在哪?

1. Directly predict the coordinates is a hard task: Regression V.S. Classification

pred

GT
Loss

detection model training

pred

GT
Loss

MLLM training

High LossLow Loss

2. Error Propagation: Each box requires at least 9 tokens and can cause cascading errors.

3. Ambiguity in Prediction Order: Auto-regressive prediction needs a predefined sequence order.

4. Quantization Range Limitation: Large image (>1000 px) input can lead to quantization error.

“bottle1, bottle2, bottle3” “bottle3, bottle2, bottle1” “bottle2, bottle1, bottle3”
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解决方案:基于检索的感知模型

Core idea: LLM has strong understanding capability, while detection model has strong perception capability

LLM

detect dog

“Sure, here is dog [[90, 70, 120, 340], 

[110, 70, 125, 400]]”

LLM

detect dog

“Sure, here is dog <box2>, <box4>”

object 

proposal

Retrieval based method
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ChatRex: Detection-Oriented MLLM
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ChatRex: Detection-Oriented MLLM

Universal Proposal Architecture
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ChatRex: Detection-Oriented MLLM

Use the input box indices as the output of detection
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ChatRex: Detection-Oriented MLLM

Use the input box indices as the output of detection



应用: Common/Long-tailed Object Detection



应用: Region Understanding



应用: Grounded Conversation



应用: Common/Long-tailed Object Detection
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Referring to Any Person

Jiang Q, Wu L, Zeng Z, et al. Referring to Any Person[J]. arXiv preprint arXiv:2503.08507, 2025.



Referring V.S. Detection

Detection: “person” Referring: “person who is 

holding two footballs”



Most Detection Tasks Can be formulated as Referring

摔倒检测 佩戴安全帽检测 工位睡觉检测

抽烟检测行人安全检测

“person fallen” “person that are not wearing helmet” “person that is sleeping”

“person on the crossroad” “person that are smoking”

交通管理

“cars that are crushed”

智慧农业

“tomato that are not ripe”



Referring V.S. Detection

Detection: Category name e.g. man

Referring: Category name + 

attributes color material gender age

position left right right

wearing glasses

on a table

affordance cut cook fill water

next to someone

action standing smiling running

E.g.

• a white man

• the second white man from the left

• The second white man from the left that is wearing a blue hat

• The second white man from the left that is wearing a blue hat and is smiling

Closed-set

Open-vocabulary / 

Grounding / Detection

Referring



Motivation: Current SOTA models lack usability

High Performance in existing benchmarks

Low Performance in real-world scenarios1. Designing flaws in existing benchmarks

2. Current MLLMs are still less capable



Solutions: Data + Model

HumanRef Dataset



Solutions: Model

RexSeek

1. Strong perception capability

2.   Strong language comprehension
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Applications: Referring Any Person 
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Applications: Any Object Referring
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Rex-Thinker: Referring with CoT Reasoning
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Rex-Thinker: Referring with CoT Reasoning
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Rex-Thinker: Referring with CoT Reasoning

Planning

Action

Summarization
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1. CoT Referring Dataset
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2. SFT + GRPO Training
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Visualization Results
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Visualization Results
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Visualization Results
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SEED-VL-1.5

SEED-VL-1.5 (Dense Object Detection)
Question:帮我框选图中所有的鸽子，以
<bbox>x1 y1 x2 y2</bbox>的形式表示

Abswer:
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SEED-VL-1.5 (Universal Proposal) Question:请帮我识别一下图片，然后告诉我图中有哪些物
体,并框选这些物体，物体类别名请用英文表示，对于每个
物体，请提供其类别和边界框，格式为：[{"category": 

category, "bbox": "<bbox>x1 y1 x2 y2</bbox>"}, 

{"category": category, "bbox": "<bbox>x1 y1 x2 

y2</bbox>"}]。记住每个坐标都要用 <bbox> </bbox> 进行
包裹

Answer:

SEED-VL-1.5
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SEED-VL-1.5 (Referring)

帮我框选图中身着衣服为偶数的人，以
<bbox>x1 y1 x2 y2</bbox>的形式表示

帮我框选图中穿红色衣服的人，以<bbox>x1 y1 x2 
y2</bbox>的形式表示

SEED-VL-1.5
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What’s Next?

Retrieval based method

ChatRex RexSeek Rex-Thinker • Proposal can not be provided in advance for many scenarios

• VLM has powerful detection capabilities of its own 

• VLM has strong comprehension capabilities

• The proposal boxes can be inputted or not inputted at the same time.

• Support streaming or video input
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感谢！

从开集检测迈向通用视觉感知
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