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Attention Deficiency Attention Bias

Model Evolution Model Evolution

Semi-supervised 
Continual LearningContinual learning

Enable stable model evolution by using knowledge of unlabeled data

Background
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Knowledge Distillation 

Persistence Homology Distillation for Semi-supervised Continual learning

A more powerful noise insensitive distillation is needed for SSCL
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Main contribution: persistence homology distillation
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➢ We utilize simplicial complexes to approximate vision data and explore stable topological feature 
representation of unlabeled data in semi-supervised continual learning. 

➢ • We propose a novel persistence homology distillation strategy for SSCL that is insensitive to 
noise information interference, and devise an accelerating algorithm to reduce computation costs.

➢ • We demonstrate that our method outperforms existing methods on several benchmarks, and 
highlights the potential of utilizing unlabeled data to overcome catastrophic forgetting.



◼ Preliminary of Persistence Homology

◼ k-simplex：k-dimensional polytope

◼ Simplicial complex : built from a set of simplices that 
satisfies Closure under Faces and Intersection Property. 

V-R  simplicial complex

◼ Persistence homology： quantifying topological features  over a range of length 
scales  by defining a filtration on it. 
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Value： Breaking the limitations of binary topological relationships

：one simplex 𝜎 born 
in 𝑥𝛿 and dies in 𝑦𝛿

Filtration:



◼ Persistence Homology Distillation
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◼ Topological representation：

◼ Adjcency Matrix：𝐺( 𝑉, 𝐸) 𝑊𝑖𝑗 = ൝
1, 𝑖𝑓 𝑠𝑖𝑗 ≥ 𝛽

0, 𝑖𝑓𝑠𝑖𝑗 < 𝛽
𝑠𝑖𝑗 =< ℎ𝑖 , ℎ𝑗 >=

ℎ𝑖ℎ𝑗

ℎ𝑖 ℎ𝑗

◼ k-hop neighborhood ：

◼ h-dim local persistence diagram：𝐷𝑔𝑚ℎ(𝒩(𝑥𝑖 , 𝑘))

◼ Topological distance : p-Wasserstein distance（Optimal transport distance）

𝑑𝒩𝑥𝑘 𝑓𝑜𝑙𝑑, 𝑓𝑛𝑒𝑤 = 𝑖𝑛𝑓𝛾(σ𝑢∈𝐷𝑔𝑚ℎ 𝒩𝑥
𝑘,𝑓𝑜𝑙𝑑 ∪△

𝑢 − 𝛾 𝑢 𝑝)
1

𝑝

Capture high-order relationships in vision data distribution
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𝒩(𝑥𝑖 , 𝑘) 𝑥𝑗 ∈ 𝒩(𝑥𝑖 , 𝑘) if the shortest path

between 𝑥𝑖 and 𝑥𝑗 is k.



◼ Persistence Homology Distillation
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Overall Loss：

Persistence Homology 

Distillation loss：

Preserce global knowledge through high-order homology features 
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◼ Stability Analysis
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Robustness to noise interference compared to similarity distillation
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◼ Better adaptable to unlabeled data compared to other knowledge 

distillation methods

◼ Stability to noise interference

◼ Experiment Results
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Robustness to noise interference compared to other distillation
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◼ Ablation Study

◼ Experiment Results
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Stable evolution under insufficient labeling is achieved  
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