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The performance of mean-based prototypical methods in 
few-shot learning is frequently compromised by noise and 
hard positives, where entangled feature representations 
cause prototype instability. We present a novel “Filter 
Repair-Expand” framework grounded in Determinantal Point 
Process (DPP) theory. The method leverages DPP as its 
core logic, employing it to estimate sample confidence to 
filter anomalous samples from the initial set, guide a 
diffusion process via volume-maximization to enhance the 
sample representation, and subsequently maximize the vol 
ume of synergistic disentangled subspaces, constructing ro 
bust and diverse prototype subspaces. Experimental re sults 
establish new state-of-the-art performance on mul tiple 
benchmarks, demonstrating significant gains in few shot 
learning robustness.

Introduction

Ø Probabilistic Anomaly Identification (Filter) 
Ø DPP-Guided Feature Optimization (Repair)
Ø Disentangled Subspace Construction (Expand) 

Methods

Ø Introduces a "Filter-Repair-Expand" paradigm to address representation instability from 
corrupted data.

Ø Synergistically uses DPP to identify anomalies, guide diffusion-based repair, and maximize 
disentangled subspace volume. 

Ø Transforms high-interference samples into effective features, overcoming the information 
destruction and representation confusion of prior methods. 

Ø Significantly outperforms existing methods across noise benchmarks, setting a new 
robustness standard in Few-Shot Learning.

Discussion & Conclusions



Introduction

ØMean-based prototypical methods in 
few-shot learning (FSL) are heavily 
compromised by real-world noise and 
out-of-distribution (OOD) samples.
ØInformation Destruction: Current "Filter-

Compress" strategies indiscriminately 
discard hard positives along with true 
noise.  
ØRepresentation Confusion: Point 

prototypes confound high-variance 
shared background features with low-
variance unique discriminative features.

ØWe propose a "Filter-Repair-Expand" paradigm grounded in Determinantal Point Process (DPP) 
to construct robust disentangled subspaces instead of fragile point prototypes.



Methodology

1. Filter
Probabilistic 
Anomaly 
Identification  

2. Repair
DPP-Guided 
Feature 
Optimization 

3. Expand
Disentangled 
Subspace 
Construction 



Experiments：Main Results



Experiments：Ablation and Robustness



Conclusion
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Synergistically leverages Determinantal Point Process (DPP) theory to perform probabilistic 
anomaly identification, guide a diffusion-based repair, and maximize the volume of disentangled, 
class-specific subspaces.

Transforms high-interference samples into effective features to construct robust prototype 
subspaces.

Successfully resolves both the information destruction and representation confusion that limit 
prior methods.

Proposes DDSF, a robust framework introducing the "Filter-Repair-Expand" paradigm to 
address representation instability caused by corrupted data.

Extensive experiments across multiple noise benchmarks demonstrate that DDSF significantly 
outperforms state-of-the-art methods.

6 Establishes new standards for robustness in Few-Shot Learning (FSL).


