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Background: Active Learning

 Uncertainty-based sampling

• Least-confidence
• Margin
• Entropy
• MC-dropout

 Diversity-based sampling

• CoreSet

 Hybird sampling

• BADGE



Background: Active Open-Set Annotation

OOD examples exhibit high uncertainty and diversity because they share 
neither class-distinctive features nor other inductive biases with ID examples



Motivation: LfOSA

Two limitations:
 Training the additional detector network is costly;
 It is difficult to identify informative examples from the known classes.



Method: NEAT

 We suggest a data-centric perspective that naturally separates examples by 
label clusterability, eliminating the need for an additional detector network.

 Selecting informative examples from known classes by estimating the 
inconsistency between the model prediction and the local feature distribution.



Method: NEAT

Data-Centric Known Class Detection

Inconsistency-Based Active Learning



Data-Centric Known Class Detection

 Label clusterability.
• Samples with similar features should belong to the same class.

 Feature extraction.
• CLIP provides high-quality features for calculating feature similarity.

 Known class detection.
a. Each ௞ represents the -th closest samples in to the unlabeled 

example in .
b. Compute the count of neighbors with known and unknown classes for 

each .
c. Classify an unlabeled sample as belonging to a known class if all of its 

neighboring samples are from known classes.



Inconsistency-Based Active Learning

a. Given the -nearest neighbors ௜ ௜ୀଵ
௄ of the example .

b. Construct a vector ௫
஼ with

௫ ௞௞ .

c. Normalize ௫ via the softmax function to be a probabilistic vector ௫.

d. The inconsistency is computed using cross-entropy as

e. Rank all the identified known classes examples using .

f. Select the top examples for labeling.



Method: NEAT
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Motivation

Limitations:
 Existing methods mainly focus on learning the ID classifier, consequently 

restraining the resolution of the OOD detector.
 Valuable OOD instances can promptly strengthen the boundary between ID 

and OOD instances, and further improve the ID purity for classifier retraining.



PAL: Progressive Active Learning

Uncertainty weight

Meta-weight



Informativeness: Uncertainty weight

Uncertainty weight



Representativeness: Meta-weight

 Automatically learn the weight of each unlabeled instance via tracking the effect 
of the supervised learning model to prevent OOD instances, which can be 
formulated as the following bi-level optimization problem:



Progressive Sampling

 OSA aims to precisely select as many ID instances as possible from the 
unlabeled pool. With the ூ஽ and , we select the first instances with 
the highest probability as the query set:

 The selected instances including ௤௨௘௥௬
ூ஽ pseudo-ID instances and ௤௨௘௥௬

ைை஽

pseudo-OOD instances.
• At the first query, OOD instances with the lowest ௨ are selected, 

௤௨௘௥௬
ைை஽

௤௨௘௥௬
ூ஽ .

• After that, the OVA classifiers are extended to classifiers, and the 
௨ is given by
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