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End-to-End Object Detection with Transformers

ECCV 2020
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Set Prediction



DETR

FFN

FC + Act + Dropout + FC + Dropout

= Decoder Embedding + Learnable queries



DETR

Encoder self-attention for a set of reference points. 

The encoder is able to separate individual instances.
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Visualizing decoder attention for every predicted object.

Decoder typically attends to object extremities!



DETR

Visualization of all box predictions on all images from COCO 
2017 val set for 20 out of total N = 100 prediction slots in DETR 
decoder.

Small boxes

Large horizontal boxes

Large vertical boxes

Each slot (query) learns to specialize on 
certain areas and box sizes with several 
operating modes!



DETR

1. Slow convergence (500 epoch)
2. Limited feature spatial resolution

Drawbacks:



Deformable DETR: Deformable Transformers For End-to-End 
Object Detection

ICLR 2021
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Deformable-DETR
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Deformable-DETR
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 at initialization, which leads to ambiguous 
gradients for inputs.

The core issue is Transformer attention would look
overall possible spatial locations



Deformable-DETR

Sparsely sampled 
key feature

reference point



Deformable-DETR



Deformable-DETR
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Deformable-DETR
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Deformable-DETR
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Deformable-DETR



DAB-DETR: Dynamic Anchor Boxes are Better Queries for DETR

ICLR 2022



DAB-DETR

Each query in a decoder is composed of a decoder embedding (content information) and 
a learnable query (position information)

Reasons about slow training Convergence: 
1. optimization challenge?
2. the positional information in the learned queries is not encoded in the same way as the sinusoidal 

positional encoding.
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optimization challenge

Try to find out the undesirable properties about the learned queries!



DAB-DETR

Positional attention maps between the learned queries and the positional embeddings 
from a feature map.

Each query can be regarded as a positional prior to let decoders focus on a region of 
interest.



DAB-DETR

Multi concentration centers which is 
hard to locate objects when multiple 

objects exist in an image.

Focus on areas that are either too 
large or too small.

explicit positional priors to constrain 
queries on local region

Position queries encoded in the 
same way as the image positional 
embeddings.



DAB-DETR

Self-Attn:

Cross-Attn:

sinusoidal embeddings



DAB-DETR
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DAB-DETR
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learn 2D coordinates only

learn anchor boxes (partial)



DAB-DETR



Understanding the queries

DETR Conditional DETRDeformable DETR



Understanding the queries

Anchor-DETR DAB-DETR DAB-Deformable-DETR



DN-DETR: Accelerate DETR Training by Introducing Query Denoising

CVPR 2022



DN-DETR

bipartite graph matching



DN-DETR
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DN-DETR
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Feed noised GT bounding boxes as noised queries together with learnable anchor queries into Transformer decoders.

GT boxes + noise

denoising task as easier 
auxiliary task

reconstruct



DN-DETR



DN-DETR

Cross-attention in decoder of DN-DETR

Class Label Embeddings:
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DN-DETR

block information leakage

Reconstruction loss Hungarian loss
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DETRs Beat YOLOs on Real-time Object Detection

CVPR 2024



Glance at YOLOs

github.com/open-mmlab/mmyolo

post-process
(NMS)

5~20 ms

2~3 ms



Glance at YOLOs

TensorRT FP16 and the input size is (800, 1333)

NMS execution time of YOLOv8



RT-DETR

Fusion block



RT-DETR
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RT-DETR  VS YOLOV6

Fusion block



RT-DETR



Is the Mamba-based detector possible?

ViT

Vision Mamba

Zhu L, Liao B, Zhang Q, et al. Vision mamba: Efficient visual representation learning with 
bidirectional state space model[J]. arXiv preprint arXiv:2401.09417, 2024.



Mamba (Selective State Spaces)



Mamba (HiPPO)

As opposed to traditional function approximation instead of constructing all signals perfectly, new 
signals are constructed exactly, and old signals decay exponentially, so being able to h(t) is able to 
capture recent tokens.

A matrix can build in such a way that it approximates all the 
input signal seen so far into a vector of coefficients by Legendre 
polynomials.



Mamba (Scan methods)

VMamba



Mamba



GPU Memory Hierarchy

CUTLASS GEMM Structural Model

https://developer.nvidia.com/blog/cutlass-linear-algebra-cuda/



Attention scales quadratically in sequence length N.

Is the Mamba-based detector possible?


