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DETR Series Research in CVR

DAB-DETR
ICLR 2022

DN-DETR
CVPR 2022

DINO
ICLR 2023

Mask DINO 
CVPR 2023

• Introduce Anchor Box to DETR

• Offer a better understanding 

of DETR Queries

• Introduce Denoising to DETR

• Reduce DETR training to 12 epochs

• Further improve DAB and DN

• Achieve SOTA on COCO 

Detection

• Unify Object Detection and

Segmentation

Open-Set Object Detection Research in CVR

Grounding 
DINO

T-Rex T-Rex2
Grounding 
DINO 1.5

• Text prompt based open-set 

object detection model

• Visual prompt based open-set 

object detection model

• Combine both text prompt

and visual prompt in one       

model

• SOTA text prompt based 

model with both Pro and

Edge version models.
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What is Object Detection?
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person. cup. 

bowl. light. 

chair. 

coffee machine. 

microwave. 

refrigerator. 

laptop. robot. 

table

Detection results

from Grounding 

DINO

What is Object Detection?



Role of Object Detection in 2024

Object-Centric understanding is the perceptual basis for machine-physical world interaction.

Solution for Hallucinations

: How many pigeons are

there in this image

: In the image, there are 

approximately 59 pigeons.

User provide visual prompt

T-Rex2

: 79

Fine-grained Perception Eyes for Embodied AI

eagle . horse . lion. wolf .dinosaur . tiger . whale . 

apple . football . basketball . pumpkin

apple . red cup . green 

cup . green bag

RT-2

VLM

Box

Box

This image depicted … (Fine-grained long caption)
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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

Paradigm Shift in Object Detection (Close-Set to Open-Set)
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Goal of Open-Set Object Detection

• Given an image and arbitrary prompts

• We expect a model predicts all objects mentioned in 

prompts without finetuning.

Prompt  , Detect

visual  Text
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Two Paths to Open-Set Object Detection (text prompt based)

Path 1: Referring (CLIP-based)

Path 2: Grounding

VilD

RCNN+CLIP

2020 2021 2022 2023

RegionCLIP

RCNN+finetune CLIP

OV-DETR

DETR+CLIP

DetCLIP

RCNN+CLIP+large data

X-Decoder

DETR+CLIP+caption
SEEM

OpenSeeD

MDETR

Grounding+DETR

GLIP

Grounding+ATSS

Extend to Detection

Grounding DINO 

Grounding + DINO

GLIPv2
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Path1: Referring (CLIP-based) Open-Set Object Detection

Region Feature

box

class

cat

dog

table

…

similarities

CLIP

CLIP

CLIP

… …Referring (CLIP-based) Open-Set Object Detection
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Path2: Grounding based Open-Set Object Detection

What is Grounding?

identifying the bounding boxes in an image that correspond to the 

noun phrases in a given sentence.
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Grounding DINO -> Grounding DINO 1.5

MDETR: 

DETR+Grounding

GLIP: 

ATSS+Grounding

Grounding DINO: 

DINO+Grounding

Extend to Detection

Using DINO (Transformer 

arcitecture) as base detector 

Grounding DINO 1.5

More Data, Both Larger and Smaller Models



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

We use “edge” for its dual meaning both as in pushing the boundaries and as in running on edge devices.
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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.
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Pro V.S. Edge: Encoder

Yian, Zhao, et al. “DETRs Beat YOLOs on Real-time Object Detection”. CVPR 2023.

RT-DETR

X6 X1



Pro V.S. Edge: Running Time for Each Module (Pytorch Time)

Model BERT Backbone Encoder Decoder FPS

Pro 0.008 (1.7%) 0.367 （79.2%） 0.073 (15.7%) 0.015 (3.34%) 2.16

Edge 0.009 (15.3%) 0.012 (18.7%) 0.021 (32.75%) 0.021 (33.3%) 15.9

EfficientViT-L2

ViT-L

• backbone takes the most time

• how to further optimize encoder and decoder time consumption

is the next step

• Measured on a RTX 3090



Deploy Edge on Edge Device (NVIDIA Orin NX)



Deploy Edge on NVIDIA Orin NX

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

Only the TOPS of Orin NX is close to that of 

the 3090, which means the model should be 

quantized to INT8 for optimal performance.



Deploy Edge on NVIDIA Orin NX

Grounding DINO 1.5

Edge (Pytorch)
Quantization Pruning TensorRT

ongoing

Challenges: 

• Remove deformable attention in decoder



Results: Grounding DINO 1.5 Pro



Results: Grounding DINO 1.5 Edge



Visualization Results (Long-tailed Object Detection)



Visualization Results (Short Caption Object Detection)



Visualization Results (Long Caption Object Detection)
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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

Text Prompt v.s. Visual Prompt
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Text Prompt v.s. Visual Prompt

Text Prompt

• describe objects in natural language

• require modality alignment, suffers from long-tailed data shortage

• fall short in describe object that are hard to describe in language

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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Text Prompt v.s. Visual Prompt

Visual Prompt

• describe objects through visual examples

• less effective at capturing the general concept

“ Dog ”

require many examples to convey a general concept



ECCV 2024

T-Rex2: Combine both Text Prompt and Visual Prompt 



T-Rex2: Combine both Text Prompt and Visual Prompt 
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T-Rex2: Combine both Text Prompt and Visual Prompt 

Text Prompt Encoder: CLIP

Visual Prompt Encoder: Deformable Cross Attention 

Modality Alignment: Contrastive Learning

DINO-based End-to-End model

Qing Jiang, Feng Li, Zhaoyang Zeng, Tianhe Ren, Shilong Liu, Lei Zhang. T-Rex2: Towards Generic Object Detection via 
Text-Visual Prompt Synergy. Arxiv 2024
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Joint prompt leads to generic object detection

Zero-Shot Generic Object Detection

common and frequent case

Text prompt better
rare and novel case 

Visual prompt better 

Text prompt v.s. Visual prompt on LVIS

• Text prompt is good at common and frequent object, while visual prompt succeed in rare and novel scenarios.
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Joint prompt leads to generic object detection
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Joint prompt leads to generic object detection



• Open-set detection is the next BIG problem after closed-set detection

• Prompt is a new way to transform open-set detection
• Text prompt: effective to cover head and middle concepts

• Visual prompt: effective to cover more long tailed concepts

• Grounded understanding is key to multimodality intelligence

粤港澳大湾区数字经济研究院
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Summary

https://deepdataspace.com/



• www.idea.edu.cn

Thanks!

Qing Jiang

2024 6.14
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