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从anchor说起

由于CNN的平移等变性，通常学习相对坐标

既然是相对坐标，就需要一个“零点”

当“零点”是一个框的时候，就是anchor-based方法，“零点”是

anchor box

当“零点”是一个点的时候，就是anchor-free方法，“零点”实际

上是anchor point

anchor-based / anchor-free某种意义上不是一个合适的划分方式

[1] Redmon, Joseph, and Ali Farhadi. "YOLO9000: better, faster, stronger." CVPR. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection." ICCV. 2019.



Label Assignment

dense prediction的输出结果数远多于目标数，故而需要研究目标和输出结果的匹配问题，即“哪个（些）输出对应哪个目标”

举例

• RetinaNet根据anchor和目标的IoU确定正负样本

• FCOS根据目标中心区域和目标的尺度确定正负样本

两个要素： 尺度分配、空间分配

[1] Lin, Tsung-Yi, et al. "Focal loss for dense object detection." ICCV. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection." ICCV. 2019.



Label Assignment

虽然label assignment的表现形式非常多，但可以用一个比较统一的数学形式概括

𝑵 : ground-truth个数（目标个数），𝑨 : prediction个数（输出结果个数），通常 𝑵 ≪ 𝑨

定义匹配矩阵：

𝑴𝑵×𝑨, 𝒔. 𝒕. 𝒎𝒊𝒋 ∈ 𝟎, 𝟏 ,-
𝒊

𝒎𝒊𝒋 𝟎
≤ 𝟏

• 当 𝒎𝒊𝒋 ∈ 𝟎, 𝟏 时，∑𝒊 𝒎𝒊𝒋 𝟎
= ∑𝒊𝒎𝒊𝒋 ≤ 𝟏 表示一个prediction至多对应一个ground-truth

• 反过来没有任何约束，通常是一对多的关系，即一个ground-truth对应多个prediction

• 非单射非满射：允许anchor不对应ground-truth，允许ground-truth没有anchor对应

• 在实践中，用1表示match，0表示mismatch，-1表示ignore

[1] Lin, Tsung-Yi, et al. "Focal loss for dense object detection." ICCV. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection." ICCV. 2019.
[3] Zhu, Benjin, et al. "AutoAssign: Differentiable Label Assignment for Dense Object Detection." arXiv:2007.03496.



Label Assignment

RetinaNet:

𝑸𝑵×𝑨 = IoU 𝒈𝒕𝒊, 𝒂𝒏𝒄𝒉𝒐𝒓𝒋

𝑴𝑵×𝑨 = <
𝟏, 𝒒𝒊𝒋 > 𝟎. 𝟓
𝟎, 𝒒𝒊𝒋 < 𝟎. 𝟒

−𝟏, 𝒐𝒕𝒉𝒆𝒓𝒔

FCOS:

𝑫𝑵×𝑨 = D'()*+,()- center 𝒈𝒕𝒊 , center 𝒂𝒏𝒄𝒉𝒐𝒓𝒋

𝑴𝑵×𝑨 = K𝟏, 𝒅𝒊𝒋 < radius ∧ max ∆ 𝒈𝒕𝒊, center 𝒂𝒏𝒄𝒉𝒐𝒓𝒋 ∈ 𝒔𝒑/𝟏, 𝒔𝒑
𝟎, 𝒐𝒕𝒉𝒆𝒓𝒔

ATSS:

𝑫𝑵×𝑨 = D123456)78 center 𝒈𝒕𝒊 , center 𝒂𝒏𝒄𝒉𝒐𝒓𝒋
𝑸𝑵×𝑨 = IoU 𝒈𝒕𝒊, 𝒂𝒏𝒄𝒉𝒐𝒓𝒋

𝑴𝑵×𝑨 = K𝟏, 𝒒𝒊𝒋 > mean 𝒒𝒊𝒋 + std 𝒒𝒊𝒋 𝒔. 𝒕. 𝒋 ∈ topk𝒑 𝒅𝒊𝒋
𝟎, 𝒐𝒕𝒉𝒆𝒓𝒔

[1] Lin, Tsung-Yi, et al. "Focal loss for dense object detection." ICCV. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection." ICCV. 2019.
[3] Zhang, Shifeng, et al. "Bridging the gap between anchor-based and anchor-free detection via adaptive training sample selection." CVPR. 2020.



Label Assignment

因而，常见的regression-based目标检测方法的loss function可以表示为：

𝑳 =
𝟏

∑𝒎𝒊𝒋
- 𝒎𝒊𝒋×L 𝒈𝒕𝒊, 𝒑𝒓𝒆𝒅𝒋 , 𝒔. 𝒕. 𝒎𝒊𝒋 ∈ 𝟎, 𝟏 ,-

𝒊

𝒎𝒊𝒋 𝟎
≤ 𝟏

部分工作将 𝒎𝒊𝒋 ∈ 𝟎, 𝟏 松弛为 𝒎𝒊𝒋 ∈ 𝟎, 𝟏

例如：NoisyAnchor、IoU-Balanced Loss

Focal Loss的加权项 α 1 − 𝒑 9 也可以视为一种 𝒎𝒊𝒋

部分工作进一步松弛了 ∑𝒊 𝒎𝒊𝒋 𝟎
≤ 𝟏，允许一个prediction对应多个ground-truth，甚至正负样本loss拥有各自的 𝑴𝑵×𝑨

例如：FreeAnchor、AutoAssign

可以发现label assignment与loss function是有紧密联系的

[1] Li, Hengduo, et al. "Learning from noisy anchors for one-stage object detection." CVPR. 2020.
[2] Wu, Shengkai, and Xiaoping Li. "Iou-balanced loss functions for single-stage object detection." arXiv:1908.05641.
[3] Lin, Tsung-Yi, et al. "Focal loss for dense object detection." ICCV. 2017.
[4] Zhang, Xiaosong, et al. "Freeanchor: Learning to match anchors for visual object detection." NeurIPS. 2019.
[5] Zhu, Benjin, et al. "AutoAssign: Differentiable Label Assignment for Dense Object Detection." arXiv:2007.03496.



NMS-free

[1] Carion, Nicolas, et al. "End-to-end object detection with transformers." ECCV. 2020.

DETR，基于Transformer结构，用bipartite matching完成targets与queries的匹配（可以视为广义上的label assignment）

端到端 (End-to-end)，无NMS后处理

去掉NMS的好处：

• 在遮挡、拥挤场景下会降低recall

• 难以并行，在某些场景下比较耗时（比如某些芯片上）

• 阻碍了某些下游任务的端到端化

• ……

有一个自然的问题：端到端检测必须依赖Transformer结构么？全卷积网络可以么？



One-to-many v.s. One-to-one

常见的label assignment环节是one-to-many匹配，这导致网络必然需要一个NMS或NMS类似物做many-to-one去重。

MultiBox采用了one-to-one匹配

DETR ≈ 以Transformer为网络结构的MultiBox

我们用前面提到的数学形式表示：

𝑳 =
𝟏

∑𝒎𝒊𝒋
- 𝒎𝒊𝒋×L 𝒈𝒕𝒊, 𝒑𝒓𝒆𝒅𝒋 , 𝒔. 𝒕. 𝒎𝒊𝒋 ∈ 𝟎, 𝟏 ,-

𝒊

𝒎𝒊𝒋 𝟎
≤ 𝟏,-

𝒋

𝒎𝒊𝒋 𝟎
= 1

倘若将其视为组合优化问题：

将 L 𝒈𝒕𝒊, 𝒑𝒓𝒆𝒅𝒋 视为定值，求解 𝒎𝒊𝒋 最小化 𝑳——等价于以 𝐋 为cost的bipartite matching

[1] Erhan, Dumitru, et al. "Scalable object detection using deep neural networks." CVPR. 2014.
[2] Carion, Nicolas, et al. "End-to-end object detection with transformers." ECCV. 2020.
[3] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.



One-to-many v.s. One-to-one

在dense prediction上我们能不能只依赖one-to-one label assignment，比较完美地去掉NMS？

loss function和evaluation metrics往往并不一致，它常常要为优化问题做一些妥协（比如做一些加权等等）

也就是说，loss并不一定是bipartite matching的最佳cost

由此，我们定义了matching quality：

𝒎𝒊𝒋 = 𝟙 𝒋 ∈ 𝜴𝒋 ⋅ 𝒑𝒓𝒐𝒃𝒋 𝒄𝒊
:/;

⋅ IoU 𝒈𝒕𝒊, 𝒑𝒓𝒆𝒅𝒋
;

[1] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection." ICCV. 2019.
[2] Lin, Tsung-Yi, et al. "Focal loss for dense object detection." ICCV. 2017. 
[3] Carion, Nicolas, et al. "End-to-end object detection with transformers." ECCV. 2020.
[4] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.



One-to-many v.s. One-to-one

为什么是加权几何平均数： 𝒑𝒓𝒐𝒃 :/; ⋅ 𝑰𝒐𝑼 ; ，

而不是加权算术平均数： 1 − 𝛼 ⋅ 𝒑𝒓𝒐𝒃 + 𝛼 ⋅ 𝑰𝒐𝑼 ？（NoisyAnchor采用了类似公式）

假设检测loss由CE loss和IoU loss构成，

𝑳𝒅𝒆𝒕 = 𝑳𝒄𝒍𝒔 + 𝝀𝑳𝒓𝒆𝒈

= − log 𝒑𝒓𝒐𝒃 − 𝝀 log 𝑰𝒐𝑼

= − log 𝒑𝒓𝒐𝒃×𝑰𝒐𝑼𝝀

从MLE形式可以看出 𝒑𝒓𝒐𝒃 和 𝑰𝒐𝑼 是乘性关系

实验也证明了乘性关系效果更好

[1] Li, Hengduo, et al. "Learning from noisy anchors for one-stage object detection." CVPR. 2020.
[2] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.



One-to-many v.s. One-to-one

one-to-one的劣势：

• 需要输出的feature更sharp，对网络表征能力要求较高

• 相较于one-to-many，监督更弱，收敛速度较慢

我们的改进尝试：

• 引入3D Max Filtering增强表征能力

• 引入one-to-many auxiliary loss增强监督

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.



One-to-many v.s. One-to-one

3D Max Filtering

• 卷积是线性滤波器，学习max操作是比较困难的

• 希望引入非线性滤波器

• 希望引入跨层操作

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.
[2] Zhou, Qiang, et al. "Object Detection Made Simpler by Eliminating Heuristic NMS." arXiv:2101.11782.

one-to-many auxiliary loss

• auxiliary loss的具体assignment方法并不关键

• 乘法是auxiliary loss可以work的关键

最近也有工作以one-to-many为主，one-to-one为辅



可视化

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.



实验结果

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.

• 𝛼 越低，分类权重越大，有无NMS的差距越小，但绝对性能也会降低；𝛼 太高也不好，我们后续所有实验用 𝛼 = 0.8

• 在 𝛼 合理的情况下，空间先验不是必须的，但空间先验能够在匹配过程中帮助排除不好的区域，提升绝对性能



实验结果

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.

CrowdHuman的ground-truth做NMS threshold=0.6，只有95.1%的Recall，这也是NMS方法的理论上限

更多结果更新在https://github.com/Megvii-BaseDetection/DeFCN

https://github.com/Megvii-BaseDetection/DeFCN


用人工智能造福大众


