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1. Development of the YOLO series

2. RT-DETR based models

3. Hardware-Software Collaboration -- DeepSeek
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YOLO

YOLO (2015)
One-stage framework

Divide the image into SxS grid.

YOLO9000 (2017)
Anchor Boxes

Batch Normalization
Multi-Scale Training (320-608 pixel)



YOLO

YOLOV3 (2018)
Darknet-19 -> Darknet-53

FPN
Focal loss, GIoU loss

YOLOV4 (2020)
CSPDarknet-53

PAN, SAM
Mosaic Aug
Mish action
CIoU loss





YOLOV6

RepVGGBlock
Decoupled Head
SimOTA Assignment



YOLOV6

Ding X, Zhang X, Ma N, et al. Repvgg: Making vgg-style convnets great again[C]//Proceedings 
of the IEEE/CVF conference on computer vision and pattern recognition. 2021: 13733-13742.

2 x memory



YOLOV6

Lavin A, Gray S. Fast algorithms for convolutional 
neural networks[C]//Proceedings of the IEEE 
conference on computer vision and pattern 
recognition. 2016: 4013-4021.

bs=32
in=out=2048

r = 56x56



YOLOV7

E-ELAN
Aux Head
Anchor-free



YOLOV7

Using expand, shuffle, merge cardinality to enhance the learning ability of the network.



YOLOV7



YOLOV8

DFL loss
CSPLayer2



YOLOV8

Li X, Wang W, Wu L, et al. Generalized focal loss: Learning qualified and distributed bounding boxes 
for dense object detection[J]. Advances in Neural Information Processing Systems, 2020, 33: 21002-
21012.



YOLOV9



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



DETR



DETR

Set Prediction



DETR

FFN

FC + Act + Dropout + FC + Dropout

= Decoder Embedding + Learnable queries



Understanding the queries

DETR Conditional DETRDeformable DETR



Understanding the queries

Anchor-DETR DAB-DETR DAB-Deformable-DETR



RT-DETR

Fusion block



RT-DETR  VS YOLOV6

Fusion block



RT-DETR



YOLOV10



YOLOV10



YOLO11

C2F



D-FINE（ICLR2025)



D-FINE（ICLR2025)



DeepSeek Architecture

MLA (Multi-Head Latent Attention)
+

MoE (Mixture of experts) 



DeepSeek Architecture

DeepSeek-V3 Technical Repor: https://arxiv.org/pdf/2412.19437

HAI-LLM(2023): https://www.high-flyer.cn/en/blog/hai-llm/

3D Parallel



DeepSeek Architecture (EP)

IB -> NVLink

Each token:
4 nodes
3.2 experts for each node
Maximum of 13 experts



DeepSeek: Warp Specialization 

Bauer M, Treichler S, Aiken A. Singe: Leveraging warp specialization for high performance on 
gpus[C]//Proceedings of the 19th ACM SIGPLAN symposium on Principles and practice of 
parallel programming. 2014: 119-130. 

DeepseekV3: Sec 3.2.2

132 SMs : 
20 SMs for communication
112 SMs for computing



How the GPU Calculates

A100 GPU with 128 SMs

https://resources.nvidia.com/en-us-genomics-ep/ampere-architecture-white-paper?xs=169656



How the GPU Calculates

https://resources.nvidia.com/en-us-genomics-ep/ampere-architecture-white-paper?xs=169656A100 GPU Streaming Multiprocessor(SM)



GPU Memory Hierarchy

The GPU Devotes More Transistors to Data Processing
https://docs.nvidia.com/cuda/cuda-c-programming-guide/



GPU Memory Hierarchy

CUTLASS GEMM Structural Model

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



DeepSeek: Pipeline Parallel (DualPipe)

1F1B Pipeline Qi P, Wan X, Huang G, et al. Zero bubble pipeline 
parallelism[J]. arXiv preprint arXiv:2401.10241, 2023.



DeepSeek: Memory



DeepSeek: Mixed Precision

Nvidia: FP8 for GEMM

Outliers in activations, weights, and gradients.



DeepSeek: Mixed Precision

Activation: Group and scale 
elements on a 1x128 tile 
basis(per token per 128 
channels)

Weight:  128x128 block basis 
(per 128 input channels per 128 
output channels)

E4M3 (4-bit exponent and
3-bit mantissa) in Fprop. 

E5M2 (5-bit exponent and 2-bit 
mantissa) in Dgrad and Wgrad.



DeepSeek: MoE

1. Expert Parallelism
1. IB band and NVLink 
2. Warp Specialization (PTX)

2. Pipeline Parallelism: DualPipe
3. Data Parallelism
4. Memory Saving Tips
5. Quantification



MLA: Make Attention Faster



FlashAttention

HBM access 
FlashAttention:

StandardAttention:

d: 64/ 128
N: ~1024
M: ~100KB (A100)



FlashAttention3

PingPong Architecture (1 producer, 2 consumers)
Tensor Memory Accelerator is a hardware component 
introduced with H100’s that asynchronously handles the 
transfer of memory from HBM to shared memory.

higher precision

higher dynamic range

FP8 in Hopper

https://developer.nvidia.com/blog/nvidia-hopper-architecture-in-depth/



FlashMLA

https://github.com/deepseek-ai/FlashMLA



YOLOV12 (25.2.19)

+FlashAttention



YOLOV12



Summary

Next Generation Real-Time Object Detection

Synergistic Optimization of Hardware and Software

Vision-Language Model (VLM)Embedded Devices


