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Framework

A pre-trained CNN

Selecting

Querying Labeling

Fine-
tuning

➢ Starting with a completely empty
labeled dataset and a pre-trained
CNN.

➢ The pre-trained CNN seeks worthy
samples for annotation.

➢ Then incorporating newly annotated
samples in each iteration to fine-
tune the CNN continuously.
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Samples
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Samples
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An Illustration
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How to design query strategy ?
Each Candidate Multiple Patches

Data

Augmentation

➢ These patches generated from the same candidate share the same label, and are naturally
expected to have similar predictions by current CNN.

➢ Their entropy and diversity provide a useful indicator to the power of a candidate in
elevating the performance of the current CNN.
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Active candidate selection

➢Uncertainty

• Higher uncertainty values denote higher degrees of information.

• Assuming the prediction of patch 𝑥𝑖
𝑗

by the current CNN is 𝑝𝑖
𝑗
, we define

its entropy as:

• Entropy 𝑒𝑖
𝑗

denotes the information furnished by patch 𝑥𝑖
𝑗

of candidate

𝐶𝑖 in the unlabeled pool.
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Active candidate selection

➢Diversity

• Higher diversity values denote higher degrees of prediction inconsistency
among the patches within a candidate.

• Diversity between patches 𝑥𝑖
𝑗

and 𝑥𝑖
𝑙 of candidate 𝐶𝑖 as:

• Diversity 𝑑𝑖(𝑗, 𝑙) estimates the amount of information overlap between

patches 𝑥𝑖
𝑗

and 𝑥𝑖
𝑙 of candidate 𝐶𝑖.
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How to combine uncertainty and diversity ?

➢ By definition, all the entries in 𝑒𝑖
𝑗

and 𝑑𝑖(𝑗, 𝑙) are non-negative.

➢ Further, 𝑑𝑖 𝑗, 𝑗 = 0, ∀𝑗

➢ We combine 𝑒𝑖
𝑗

and 𝑑𝑖(𝑗, 𝑙) into a signal matrix 𝑅𝑖 for each candidate 𝐶𝑖:
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Problem of data augmentation

➢ Data augmentation inevitably generates hard samples for some candidates injecting
noisy labels.

Candidate Data augmentation Prediction

Handling noisy labels via majority selection
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Majority selection

➢ For each candidate 𝐶𝑖 compute the average probabilistic predictions of all of its
patches:

➢ We compute entropy and diversity by selecting only a portion of the patches of
each candidate according to the predictions by the current CNN.

Select the top 𝛼 percent patches, if 𝑎𝑖 > 0.5

Select the bottom 𝛼 percent patches, otherwise
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Algorithm

Active candidate selection

Handling noisy labels via majority selection

Continuous fine-tuning
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Experiments

➢ Six variants of AIFT

• AIFT Diversity1/4

• AIFT Diversity

• AIFT Entropy

• AIFT Entropy1/4

• AIFT (Entropy + Diversity)

• AIFT (Entropy + Diversity)1/4

➢ Two compared methods

• IFT Random 

• Learning from Scratch

➢ Three applications

• Colonoscopy Frame Classification 

• Polyp Detection 

• Pulmonary Embolism Detection 
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Colonoscopy Frame Classification 

Comparing 8 methods in colonoscopy frame classification 

• Data: 4000 frames from 6 videos

• Training set: 2000 frames

• Test set: 2000 frames

• Patch: 21 patches for each frame

• Label: informative or non-informative
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Polyp Detection 

Reach the peak performance 
with 610 label quires.

Reach the peak performance 
with 5711 label quires.

It’s contributed to the majority selection, which can efficiently select the informative 
and representative candidates while excluding those with noisy labels.  

Cut 90% annotation cost
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Pulmonary Embolism Detection 
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