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1 Background & Motivation

Background

Motivation
Fixed low threshold

Fixed high threshold

 Known-class bias.

 Single-distribution 

discriminant bias.

 Inaccurate 

confidence thresholds.

Closed-World Learning Open Set Learning Novel Class Discovery Open-World Learning

All-class distribution error prediction

High-confidence misjudgment of known-class distribution

Known-class Set: 𝒀𝒍; Unknown-class Set: 𝒀𝒖. 𝒀𝒍 ⊂ 𝒀𝒖; 𝒀𝒍 ∩ 𝒀𝒖 = ∅; 𝒀𝐧𝐨𝐯𝐞𝐥 = 𝒀𝒖\𝒀𝒍.



2 OpenMCM

Overall Framework

C⁴  Algorithm

SK&Eq Algorithm

Labeled Data

SK&Eq Algorithm

HRPF Mechanism

CATC Strategy
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2 OpenMCM

C4 Algorithm

From Sec 3.2, Sec 3.3, Sec 3.4 and Eq. (9).
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Spare-reconstruction OT Mapping Normalization

𝑷𝑵
∗ = 𝑲 × 𝑷𝑲

∗ × 𝑻 ෡𝑷∗ = 𝓵𝟏 − 𝑷𝑲
∗ , 𝑷𝑵

∗

 Confidence-Based Candidate Filtering.

 Quantile-Based Class-Specific Thresholding.

 Dynamic Threshold Calibration.

𝜃𝑗 = 𝒬 ℱ 𝑝𝑖
𝑗
𝑝𝑖
𝑗
> 𝜃𝑏 ,

𝜌

100

𝐚𝐫𝐠 𝐦𝐚𝐱𝒋∈𝑨𝒊
෡𝑷∗

෡𝑷∗ & 𝑸∗ for subsequent filtering

1 2 3

𝑨𝒊 & 𝑩𝒊 = ∅⟹ 𝑱 𝑨𝒊, 𝑩𝒊 = 𝟎⟹ 𝐚𝐫𝐠𝐦𝐚𝐱𝒋∈𝑩𝒊𝑸
∗

𝐚𝐫𝐠 𝐦𝐚𝐱𝒋∈𝑩𝒊𝑸
∗



3 Experiment

Results Additional Experiment

From Tab 1, Fig 7-(I).A and Fig 8-(II).A.

☻ Robust to label scarcity and increasing openness.

◼ Consistently high 

ACC across different 

labeled ratios.

◼ 91.1% overall ACC 

with only 10% labeled 

data.

◼ Strong ACC across 

different novel-

class ratios.

◼ Demonstrates 

robustness in highly 

open-world settings

Key Results

Label Scarcity Novel-Class Ratios

◼ SOTA overall ACC: 95.2% / 69.1% / 86.9%

◼ Gain over prior best: +0.8 / +2.3 / +1.6

◼ Balanced recognition: Strong performance on 

known & novel classes.



4 Conclusion & Discussion

Conclusion Broader impacts

Limitations

 Class Number Prior.

 Extreme long-tailed distributions data.

 Fine-grained ambiguity.

✓ Robust class number estimation.

✓ Improve long-tail distribution calibration.

✓ Fine-grained class relationship modeling.

 Proposes a class-discriminative method.

 Maps confidence distributions across 

class different spaces.

 Dynamic per-sample class assignment.

☻ This study reveals cross-semantic data 

correlations, providing new insights for 

Open-World Learning models.

✓ Reliable model calibration.

✓ Balanced learning pace across classes.

✓ Mitigate the Matthew effect.
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