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Introduction

What is Local Feature Descriptor?

Encoding local images into representative vectors to 

compare local patches across images.

Application domains

• 3D reconstruction

• Wide-baseline matching

• Image retrieval



Existing works

Traditional approaches



Existing works

Deep learning based approaches (Siamese network)

MatchNet DeepCompare

MatchNet: Han et al., MatchNet: Unifying feature and metric learning for patch-based matching.  CVPR 2015.

DeepCompare: Zagoruyko et al., Learning to compare image patches via convolutional neural networks. CVPR 2015.
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L2-Net: Tian et al., L2-Net: Deep learning of discriminative patch descriptor in Euclidean space. CVPR 2017.

HardNet: Mishchuk et al., Working hard to know your neighbor’s margins: Local descriptor learning loss. NIPS 2017.

Deep learning based approaches (Single network)

L2-Net HardNet



Drawbacks

Siamese network

Networks with metric learning layers typically treat the 

matching of local patches as a binary classification task, 

so there does not exist the concept of descriptor.

Single network

Networks perform descriptor learning by combing hard

mining sampling strategies with Siamese loss or triplet

loss without fully utilizing context information.



Solution

• First order similarity loss

1. Generate a batch of matching patches Χ = { 𝐴𝑖 , 𝑃𝑖 , 𝑖 = 1,2, … , 𝑛} and the corresponding descriptors 

𝜒 = { 𝑎𝑖 , 𝑝𝑖 , 𝑖 = 0,1, … , 𝑛}

2. Compute the distance matrix  𝐷 = {𝑑(𝑎𝑖 , 𝑝𝑗) = 𝑎𝑖 − 𝑝𝑗 2
, 𝑖 = 0,1, … , 𝑛; 𝑗 = 1,2, … , 𝑛}

3. Find k closest non-matching descriptors Κ𝑖 = {𝑞𝑖,𝑚, 𝑚 = 1,2, … , 𝑘} for each anchor patch descriptor 

𝑎𝑖 and ensure 𝑑 𝑎𝑖 , 𝑞𝑖,1 ≤ 𝑑 𝑎𝑖 , 𝑞𝑖,2 ≤ ⋯ ≤ 𝑑 𝑎𝑖 , 𝑞𝑖,𝑘

4. Build a virtual descriptor 𝑣𝑖 for 𝑎𝑖, 𝑑 𝑎𝑖 , 𝑣𝑖 = σ𝑚=1
𝑘 𝑊𝑖,𝑚𝑑 𝑎𝑖 , 𝑞𝑖,𝑚 , 𝑤𝑖,𝑚 =

𝑑 𝑎𝑖,𝑞𝑖,𝑘

𝑑 𝑎𝑖,𝑞𝑖,𝑚

2

, 𝑊𝑖,𝑚 =
𝑤𝑖,𝑚

σ𝑙=1
𝑘 𝑤𝑖,𝑙

5. Adopt the anchor swap strategy and create another virtual descriptor 𝑧𝑖 for 𝑝𝑖

ℒ1 =
1

𝑛


𝑖=1

𝑛

max (0,1 + 𝑑 𝑎𝑖 , 𝑝𝑖 −min 𝑑 𝑎𝑖 , 𝑣𝑖 , 𝑑(𝑝𝑖 , 𝑧𝑖 ))



Solution

• Second order similarity regularization

1. Compute two distance matrixes 𝐷𝑎 = {𝑑 𝑎𝑖 , 𝑎𝑗 , 𝑖 = 1,2, … , 𝑛; 𝑗 = 1,2, … , 𝑛} and 𝐷𝑝 =

{𝑑 𝑝𝑖 , 𝑝𝑗 , 𝑖 = 1,2, … , 𝑛; 𝑗 = 1,2, … , 𝑛}

2. Find t closest descriptors 𝑆𝑖 = 𝑎𝑠𝑖,𝑗 , 𝑗 = 1,2, … , 𝑡 for 𝑎𝑖 and ensure 𝑑 𝑎𝑖 , 𝑎𝑠𝑖,1 ≤ 𝑑 𝑎𝑖 , 𝑎𝑠𝑖,2 ≤

⋯ ≤ 𝑑 𝑎𝑖 , 𝑎𝑠𝑖,𝑡

3. Find t closest descriptors 𝐶𝑖 = 𝑝𝑐𝑖,𝑗 , 𝑗 = 1,2, … , 𝑡 for 𝑝𝑖 and 𝑑 𝑝𝑖 , 𝑝𝐶𝑖,1 ≤ 𝑑 𝑝𝑖 , 𝑝𝐶𝑖,2 ≤ ⋯ ≤

𝑑 𝑝𝑖 , 𝑝𝐶𝑖,𝑡 . 

4. Compute the regularization term ℒ2 = ℒ2𝑎 + ℒ2𝑝

ℒ2𝑎 =
1

𝑛
σ𝑖=1
𝑛 σ𝑗=1

𝑡 𝑊𝑖,𝑗
𝐴 𝑑 𝑎𝑖 , 𝑎𝑠𝑖,𝑗 − 𝑑 𝑝𝑖 , 𝑝𝑆𝑖,𝑗 ,

𝑤𝑖,𝑗
𝑎 =

𝑑 𝑎𝑖,𝑎𝑠𝑖,𝑡

𝑑 𝑎𝑖,𝑎𝑠𝑖,𝑗

2

,

𝑊𝑖,𝑗
𝐴 =

𝑤𝑖,𝑗
𝑎

σ𝑙=1
𝑡 𝑤𝑖,𝑙

𝑎 ,

ℒ2𝑝 =
1

𝑛
σ𝑖=1
𝑛 σ𝑗=1

𝑡 𝑊𝑖,𝑗
𝑃 𝑑 𝑎𝑖 , 𝑎𝐶𝑖,𝑗 − 𝑑 𝑝𝑖 , 𝑝𝐶𝑖,𝑗 ,

𝑤𝑖,𝑗
𝑝
=

𝑑 𝑝𝑖,𝑝𝐶𝑖,𝑡

𝑑 𝑝𝑖,𝑝𝐶𝑖,𝑗

2

,

𝑊𝑖,𝑗
𝑃 =

𝑤𝑖,𝑗
𝑝

σ𝑙=1
𝑡 𝑤𝑖,𝑙

𝑝 .



Results and comparisons

UBC Phototour dataset
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