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Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby: An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. ICLR 2021

ViT: Vision Transformer



Transformer decoder

❑ Semantic segmentation
❑ Object detection
❑ Multi-view 3D detection
❑ …

Transformer encoder

❑ ViT
❑ DeiT
❑ Swin
❑ …

Transformer for Recognition

Encoder Decoder Result
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Transformer Encoder for Visual 

Recognition
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Figure from Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg 
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Qi Han, Zejia Fan, Qi Dai, Lei Sun, Ming-Ming Cheng, Jiaying Liu, Jingdong Wang: Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and 
Dynamic Weight. ICLR 2022
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Qi Han, Zejia Fan, Qi Dai, Lei Sun, Ming-Ming Cheng, Jiaying Liu, Jingdong Wang: Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and 
Dynamic Weight. ICLR 2022



Same architecture and 
training setting with Swin

Transformer

Carefully tuned micro design 
and training setting

DWNet in June 2021 (ours)

ConvNeXt in January 2022 
(Meta and UC Berkeley)

DWNet (2021) and ConvNeXt (2022) studied the equivalence 

between local attention and depth-wise convolution
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HRNet
Res2Net

ResNet

Pyramid ViT

Vision 
Transformer

Dynamic LightConv. & Involution

IGC 
MobileNet 
EfficientNet
ShuffleNet Swin

Transformer

MLP Mixer, ResMLP

Relation Graph for Typical Networks
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Query-based Dense Recognition with 

Transformers
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OCRNet for semantic segmentation DETR for object detection

Semantic Segmentation and Object Detection
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Yuhui Yuan, Xilin Chen, Jingdong Wang. Object-Contextual Representations 

for Semantic Segmentation. 

ECCV 2020

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander 

Kirillov, Sergey Zagoruyko: End-to-End Object Detection with Transformers. 

ECCV 2020



OCRNet for semantic segmentation

OCRNet: Introduction of Category Queries for Semantic Segmentation
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Yuhui Yuan, Xilin Chen, Jingdong Wang. Object-Contextual Representations 

for Semantic Segmentation. 

ECCV 2020

OCRNet: the first approach to introduce category 

queries for semantic segmentation 



Robin Strudel, Ricardo Garcia Pinel, Ivan Laptev, Cordelia Schmid: Segmenter: 
Transformer for Semantic Segmentation. ICCV 2021: 7242-7252

Bowen Cheng, Alexander G. Schwing, Alexander Kirillov: Per-Pixel Classification is Not All 
You Need for Semantic Segmentation. NeurIPS 2021: 17864-17875

Segmenter MaskFormer
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Enze Xie, Wenhai Wang, Zhiding Yu, Anima Anandkumar, Jose M. Alvarez, Ping Luo:
SegFormer: Simple and Efficient Design for Semantic Segmentation with Transformers. 

NeurIPS 2021: 12077-12090

Sixiao Zheng, Jiachen Lu, Hengshuang Zhao, Xiatian Zhu, Zekun Luo, Yabiao Wang, 
Yanwei Fu, Jianfeng Feng, Tao Xiang, Philip H. S. Torr, Li Zhang:

Rethinking Semantic Segmentation From a Sequence-to-Sequence Perspective 
With Transformers. CVPR 2021: 6881-6890

SegFormer SETR
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OCRNet for semantic segmentation DETR for object detection

Semantic Segmentation and Object Detection

16

Yuhui Yuan, Xilin Chen, Jingdong Wang. Object-Contextual Representations 

for Semantic Segmentation. 

ECCV 2020

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander 

Kirillov, Sergey Zagoruyko: End-to-End Object Detection with Transformers. 

ECCV 2020



Detection Transformer (DETR)

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, Sergey Zagoruyko: End-to-End Object Detection with Transformers. 

ECCV (1) 2020: 213-229
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Detection Transformer (DETR)

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, Sergey Zagoruyko: End-to-End Object Detection with Transformers. 

ECCV (1) 2020: 213-229
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DETR：Two Key Designs

Object queries One-to-one assignment

Detection as a search problem

- Localize the four extremities (box detection)

- Select a region inside the object (classification)

Object queries are learned as model parameters

- Same for all the images

One ground-truth object is assigned to one 

queries

- Necessary for removing NMS

- All the other queries are viewed as negative

Conditional DETR: Learning conditional spatial
queries

Group DETR: Group-wise one-to-many assignment
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Accelerating DETR: Conditional DETR

Depu Meng, Xiaokang Chen, Zejia Fan, Gang Zeng, Houqiang Li, Yuhui Yuan, Lei Sun, Jingdong Wang. Conditional DETR for Fast Training Convergence. ICCV 2021: 3631-

3640

https://github.com/atten4vis

DETR
Conditional DETR: Decompose the queries into 

content and spatial queries. ~10X faster Cross-attention maps: spatial, content, combined



Conditional DETR: Convergence is 10x Faster for DC5 − R50
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Accelerating DETR: Group DETR

Qiang Chen, Xiaokang Chen, Gang Zeng, Jingdong Wang. Group DETR: Fast Training Convergence with Decoupled One-to-Many Label Assignment. CoRR

abs/2207.13085 (2022)



Group DETR: Faster Convergence
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Group DETR for Multi-view 3D Object Detection

Method w/ Group DETR #Epochs NDS mAP

PETR 24 42.0 37.4

PETR √ 24 45.0 (+3.0) 38.8 (+1.4)

PETR v2 24 50.3 40.7

PETR v2 √ 24 51.3 (+1.0) 41.9 (+1.2)

PETR v2 36 50.8 41.3

PETR v2 √ 36 52.3 (+1.5) 42.7 (+1.4)
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Group DETR v2: Encoder-Decoder Pretraining
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Qiang Chen, Jian Wang, Chuchu Han, Shan Zhang, Zexian Li, Xiaokang Chen, Jiahui Chen, Xiaodi Wang, Shuming Han, Gang Zhang, Haocheng Feng, Kun

Yao, Junyu Han, Errui Ding, Jingdong Wang. Group DETR v2: Strong Object Detector with Encoder-Decoder Pretraining. CoRR abs/2211.03594 (2022)



Group DETR v2: Encoder-Decoder Pretraining on Object 365

26

Qiang Chen, Jian Wang, Chuchu Han, Shan Zhang, Zexian Li, Xiaokang Chen, Jiahui Chen, Xiaodi Wang, Shuming Han, Gang Zhang, Haocheng Feng, Kun

Yao, Junyu Han, Errui Ding, Jingdong Wang. Group DETR v2: Strong Object Detector with Encoder-Decoder Pretraining. CoRR abs/2211.03594 (2022)

标准数据集 COCO 目标检测，首次达到64.5
11.8.2022



3D Recognition with Transformers for 

Autonomous Driving 
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传统感知 VS UniBEV 感知

基于 BEV 鸟瞰图视角的统一特征空间表达

算力有限

后处理复杂

传统感知

分而治之

网络1

后
处
理
融
合

各
视
角
图
像

网络2

点
云 网络N

结果1

结果2

结果N

………

基于

UniBEV

的感知

多视角
环视图

BEV 时空融合

共享
Backbone

Task Head1

Task Head2

Task HeadN

…

无复杂后处理✓

共享+交互
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基于 UniBEV 的 多任务+多模态 统一融合方案
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Multi-view 
images

Lidar
point

Multi-Task
Decoder

BEV-
based
Fusion

Image
Encoder

Lidar
Encoder

Map
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Object
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Map
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UniBEV-CAPE: 
Camera View Position Embedding for Multi-View 3D Object Detection

Kaixin Xiong, Shi Gong, Xiaoqing Ye, Xiao Tan, Ji Wan, Errui Ding, Jingdong Wang, Xiang Bai. CAPE: Camera View Position Embedding for Multi-View 3D Object Detection. 

CVPR 2023

BackboneMulti-View Images Image Features

N

Decoder

class

bbox

Camera View 3D Frustum

(II) QFPE

NCamera Intrinsics

Image Frustum

Camera Extrinsics

(I) KFPE

CAPE code：https://github.com/PaddlePaddle/Paddle3D

https://github.com/PaddlePaddle/Paddle3D
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UniBEV-CAPE: 
Camera View Position Embedding for Multi-View 3D Object Detection

Kaixin Xiong, Shi Gong, Xiaoqing Ye, Xiao Tan, Ji Wan, Errui Ding, Jingdong Wang, Xiang Bai. CAPE: Camera View Position Embedding for Multi-View 3D Object Detection. 

CVPR 2023 CAPE code：https://github.com/PaddlePaddle/Paddle3D

(a) PETR v2

Global
Image PE

Softmax & MatMul

+

MatMul

+

Global
Query PE

V

K Q

(b) CAPE

Local
Image PE

Softmax & MatMul

MatMul

+

MatMul

Local
Query PE

V

K Q K Q

Image Features Decoder Embedding Feature Guided PE

Global View

Position Embedding

Camera View

Position Embedding

https://github.com/PaddlePaddle/Paddle3D
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UniBEV-CAPE: Results on nuScenes Test

Method Temporal Year Backbone NDS mAP

DETR3D ✗ CORL2022 Res-101 47.9 41.2

PETR ✗ ECCV2022 V2-99 50.4 44.1

CAPE ✗ CVPR2023 V2-99 52.0 (+1.6) 45.8 (+1.7)

BEVFormer ✓ ECCV2022 V2-99 56.9 48.1

BEVDet4D ✓ arXiv2022 Swin-B 56.9 45.1

PETR v2 ✓ arXiv2022 V2-99 58.2 49.0

CAPE-T ✓ CVPR2023
V2-99 61.0 (+2.8) 52.5 (+3.5)

ViT-Huge 62.8 (+4.6) 55.3 (+6.3)

CAPE code：https://github.com/PaddlePaddle/Paddle3D

https://github.com/PaddlePaddle/Paddle3D
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3D
Tracking

frame t-1

frame t

3D bboxCAPE

3D bboxCAPE

Zhang, Yifu, et al. "ByteTrackV2: 2D and 3D Multi-Object Tracking by Associating Every Detection Box." arXiv:2303.15334.

UniBEV-CAPE for Tracking
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UniBEV-CAPE for Tracking

Uploaded on 2022.11

Zhang, Yifu, et al. "ByteTrackV2: 2D and 3D Multi-Object Tracking by Associating Every Detection Box." arXiv:2303.15334.
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UniBEV-3D-Occupancy

Aoyan Li, et.al.. Visibility-Aware Semantic Occupancy Prediction.【Confidential】
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Invisible Parts

CE Loss

3D-Patch 
Distribution Loss

supervise

supervise each
3D patch by

KL divergence
2D-3D
View

Transform

1
0

supervise

Long-range interaction

Open Occupancy

Our Visible–Aware Occupancy

supervise each voxel by
a binary label

Occupancy

Visible results vs Invisible results

Plain occupancy -> Visibility-aware occupancy

Motivation
Imagination

Reconstruction

Visibility-Aware Semantic Occupancy Prediction
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Results Comparison and Analysis

Aoyan Li, et.al.. Visibility-Aware Semantic Occupancy Prediction.【Confidential】

Wang, Xiaofeng, et al. "OpenOccupancy: A Large Scale Benchmark for Surrounding 

Semantic Occupancy Perception." arXiv:2303.03991.

◼ Video results on nuScenes dataset◼ More accurate predictions in the visible parts

◼ Denser predictions in the invisible parts



End-to-End Autonomous Driving 

Evaluation 
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Rethinking the Open-Loop Evaluation of End-to-End 
Autonomous Driving in nuScenes

Future

Trajectories

B×T ×3

Concatenate

Planner

High-level Command: B×3

⋯

⋯

⋯

⋯

⋯

⋯

⋯

⋯

⋯

B×512 B×512

Flatten

One-hot

Ego States

High-level Command

Velocity Acceleration  Past Trajectories

B×1×3 B×1×3 B×T ×3

Turn Left     Go Straight   Turn Right

(1,0,0)      (0,1,0)         (0,0,1)

Reshape

Ego States: B×(6 + 3T )

B×(9 + 3T ) B×3T

Inputs

Outputs

Jiang-Tian Zhai, et.al., Rethinking the Open-Loop Evaluation of End-to-End Autonomous Driving in nuScenes. CoRR abs/2305.10430 (2023). 39



nuScenes: Ego vehicles move along straight lines and at small angles

move forward along straight lines and at small angles 

Jiang-Tian Zhai, et.al., Rethinking the Open-Loop Evaluation of End-to-End Autonomous Driving in nuScenes. CoRR abs/2305.10430 (2023). 40
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Using Occupancy Map to Calculate Collision: Grid Size Matters

Multi-view Cameras
LiDAR TOP

No Actual 

Collision

Occupancy Map 

(Grid Size=0.5m)

Detected 

Collision

Occupancy Map 

(Grid Size=0.1m)

No Detected 

Collision

Jiang-Tian Zhai, et.al., Rethinking the Open-Loop Evaluation of End-to-End Autonomous Driving in nuScenes. CoRR abs/2305.10430 (2023).



Results on nuScenes Validation Set

Method
Perception
Information

Ego State High- level Command L2(m) Collision(%)

FF ✓ ✗ ✗ 1.43 0.43

EO ✓ ✗ ✗ 1.60 0.33

ST-P3 ✓ ✗ ✓ 2.11 0.71

UniAD ✓ ✗ ✓ 1.03 0.31

VAD ✓ ✓ ✓ 0.37 0.14

Ours ✗ ✓
✗ 0.25 0.16

✓ 0.23 0.12

• Despite its simplicity and the absence of perceptual information, the simple model achieves 
remarkable performance on the nuScenes dataset.

• Notes： The current evaluation on nuScenes may not adequately capture the superiority of 
different methods.

Jiang-Tian Zhai, et.al., Rethinking the Open-Loop Evaluation of End-to-End Autonomous Driving in nuScenes. CoRR abs/2305.10430 (2023).

Ours code：https://github.com/E2E-AD/AD-MLP 42

https://github.com/PaddlePaddle/Paddle3D


Large Models for Autonomous Driving

43



自动驾驶感知大模型：Iterated Self-Training

海量未标注数据 迭代自训练：不断优化更新伪标签，扩大数据势能

…

伪标注去噪

伪标注融合

置
信
度

3D
属
性
模
板

2D
-

3D
一
致
性

CNN
大模型

Trans
大模型

择优融合策略

启动阶段 Round-1 Round-2 ...

…
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自动驾驶感知大模型：大模型帮助小模型
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车端算力有限，大模型

无法直接部署上车

「半监督+大模型蒸馏」

进行小型化

点云：隔离带误检优化

旧版 新版

图像：路面起伏的远视距效果显著提升

旧版 新版

GT Pred

大
模
型

车
载
小
模
型

输入图像

2D 检测

输入图像

特征+Logits
蒸馏

3D 伪标注
监督

3D 检测

2D 检测

3D 检测

自适应 loss

自适应 loss



底
库
构
建

街景数据
物体定位

获取所有前景物体

图像编码器

底库

提取物体视觉表征

自动驾驶感知长尾数据挖掘
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文
本
查
询

文本Query：塑料袋 文本编码器 文本表征 向量搜索

图
像
查
询

向量搜索图像编码器

图像Query：塑料袋

图像表征

自动驾驶以外的数据



定向挖掘驱动问题解决

定向挖掘驱动能力扩展

儿童
塑料袋
快递车

…

非刚体异形车
行李箱

…

消防车
救护车

猫狗
…

施工人员
…

数据挖掘效果示例

48



Discussions
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https://github.com/H

RNet

OCRNet

https://github.com/Atte

n4Vis

Conditional/Group 
DETR, DWNet, CAE

https://github.com/Pad

dlePaddle/VIMER

VIMER: Vision 
Foundation model

CAPE

https://github.com/Paddl

ePaddle/Paddle3D



Thanks!
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