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Background

p  Video retrieval is a fundamental task for multimedia applications
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Background
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Background

p Evaluation metric: Average Precision (AP)
Ø AP assigns greater weights on higher-ranked videos  

Ø               
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Background
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p Evaluation metric: Average Precision (AP)
Ø AP focuses on the top-ranked pairs
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Background

p Training objective of previous video retrieval methods

p Pair-wise objective：

Ø Assigns equal weight to all video pairs
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Background

Are Pairs All Equal?
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Background

p  New training objective for video retrieval

p AP-based objective

Ø Rectify the wrongly ranked positive-negative pairs in the list
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Background

p Challenge 1: Gradient vanishing issue in AP loss

Ø Seriously mis-ranked pairs fall into gradient vanishing area

Ø Additional matching complexity of videos intensified this issue
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Background

p Challenge 2: Noisy frame-level matching leads to a biased AP estimation

Ø Two relevant videos might not share consistent relevance across all frame pairs 

Ø This ambiguity harms the rankings of relevant videos when optimizing AP
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Method
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Positive-negative Pairs
Ø Rankings should be corrected
Ø Require proper gradients for optimization

Ø   
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p For challenge 1: Reformulate AP to design our gradient-enhanced loss



Previous AP

Gradient Vanishing

QuadLinear-AP 
(Ours)

Favorable properties

Method

p For challenge 1: Decompose AP to design our gradient-enhanced AP loss
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QuadLinear-AP 
(Ours)

Favorable properties

Favorable properties for optimization

Ø Suitable gradients for low AP area

Ø Differentiable AP optimization

Ø Convex, smooth and continuous

Ø Upper bound of Heaviside function

Ø Monotonically increasing (non-strictly)

Method

p For challenge 1: Decompose AP to design our gradient-enhanced AP loss
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p For challenge 2: Label purification to form noise-robust frame matching

① Similarity aggregation
Ø Top-K Chamfer Similarity measure
Ø Fine-grained similarity aggregation

② Pseudo label generation
Ø Self-supervised encoder
Ø Positive-negative divider

③ Noise-robust AP loss
Ø QuadLinear-AP Adaption
Ø Reduce weights of noisy pairs

Method
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Framework

p Bottom-up video similarity measure

Ø Patch:

Ø Frame: 

Ø Video: 
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Framework

p Pseudo-label generation

Ø Patch:

Ø Frame: 
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Framework

pHierarchical AP optimization

Ø Total loss:
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Experiments

pOur HAP-VR improves mAP and � AP effectively on multiple benchmarks
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Experiments

pOur QuadLinear-AP outperforms previous pair-wise and AP-based losses 
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Experiments

p Visualization for comparison and ablation study of our HAP-VR

Ø A clearer margin between scores of relevant and irrelevant pairs

Ø Each component makes progress on the AP-based metrics
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(a) Relative pair distribution (b) Irrelative pair distribution (c) Effect of components
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