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Abstract

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. Code is available at https:
//github.com/24sleeping90/DDSF

1. Introduction
Few-Shot Learning (FSL) aims to enable models to learn
new concepts and generalize from a minimal number of
labeled examples [8, 34, 37–39, 42], emulating a human-
like ability to learn from few instances. Within the FSL
paradigm, prototype-based metric learning methods [37, 38,
42] have become a dominant benchmark. However, their
core assumption—that the support set is high-quality and
representative—is often impractical in real-world scenar-
ios [18, 21, 53]. Inevitable noise in data acquisition, such
as label noise or out-of-distribution (OOD) samples, poses a
core challenge for robust FSL [18, 21, 30, 53]: the construc-
tion of reliable class representations from heavily corrupted
support sets.

To address this challenge, current mainstream ap-
proaches [21, 53] widely adopt a “Filter-Compress” strat-
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Figure 1. Left: The standard point prototype (star) suffers from
drift via outliers (cross) and feature conflation (magnified as mixed
colors representing diverse features), causing Representation Con-
fusion. Right: Our paradigm repairs the outlier (plus) and disen-
tangles features (magnified as separated shared and unique colored
dots) to build a robust subspace (volume), resolving both issues.

egy. This strategy identifies and removes noisy sam-
ples to compress a robust point prototype, a fragile con-
cept (Fig. 1, left). This is manifested in two forms: ex-
plicit filtering, which discards samples via outlier detec-
tion (e.g., DETA++ [53]), and implicit filtering, which
down-weights suspicious samples using attention mecha-
nisms (e.g., TraNFS [21]) and attentive feature regulariza-
tion [55]). Nevertheless, the robustness of these methods
still faces challenges when confronted with more complex
or severe noise [4, 25, 29, 56], suggesting that this paradigm
has inherent limitations.

The inherent limitations of these methods stem from
two intertwined structural flaws. The first is Represen-
tation Confusion, intrinsic to prototype networks, where
high-variance, non-discriminative shared features are con-
founded with low-variance, discriminative unique features
and compressed into a single mean point. The second is
Information Destruction, induced by the Filter-Compress
strategy itself. In its pursuit of purity, this strategy in-
discriminately discards hard positives [35] along with true
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noise, as they are often indistinguishable in a data-scarce
setting. This practice not only results in the loss of criti-
cal discriminative information but also exacerbates Repre-
sentation Confusion, which results in the prototype being
dominated by the remaining common, high-variance shared
features.

To address these challenges, we propose a novel “Filter-
Repair-Expand” paradigm, which is grounded in the unify-
ing theory of Determinantal Point Processes (DPP) [17] and
implemented through our designed Disentangled-Subspace
Framework (DDSF). The framework filters by using DPP’s
probabilistic inference to locate high-interference samples,
preserving rather than discarding information. It then re-
pairs these located samples by utilizing the DPP volume
maximization objective to guide a novel diffusion model,
which transforms potential corruptions into effective fea-
tures and resolves Information Destruction, and finally, af-
ter obtaining a purified feature set, DDSF expands the repre-
sentation via a synergistic disentanglement process: it com-
pels a shared subspace to capture cross-class commonalities
via reconstruction, and then applies the DPP objective to
expand the volume of the remaining, class-specific unique
features. This process constructs a diverse and robust proto-
type subspace instead of a fragile point (visualized in Fig. 1,
right), thereby resolving Representation Confusion.

Our main contributions are summarized as follows:

• We propose the “Filter-Repair-Expand” paradigm and de-
sign DDSF, a novel framework to address prototype insta-
bility by repairing, rather than discarding, corrupted sam-
ples.

• We introduce a synergistic application of Determinantal
Point Process (DPP) theory, leveraging it for three dis-
tinct purposes: (1) probabilistic anomaly identification
(Filter), (2) volume-maximizing guidance for diffusion-
based sample repair (Repair), and (3) volume-expansion
for constructing disentangled subspaces (Expand).

• Extensive experiments on multiple noise benchmarks
demonstrate that DDSF significantly outperforms exist-
ing state-of-the-art methods.

2. Related Work

2.1. Few-Shot Learning
Research in few-shot learning primarily follows two dom-
inant directions [39]. The first is optimization-based
meta-learning, exemplified by MAML [8], which learns a
model initialization optimized for rapid adaptation to new
tasks [34]. The second, metric-based learning, aims to
learn a feature embedding space where classification re-
lies on distance to class representations. Prototypical Net-
works [37] established the efficacy of using a simple class
mean (a point prototype) as this representation. Subsequent
works, such as Matching Networks [42] and Relation Net-

works [38], explored more complex, learned metrics. While
effective in clean settings, the performance of these founda-
tional methods degrades significantly when the support set
is contaminated [10], as their core representations are easily
corrupted by outliers.

2.2. Robust Few-Shot Learning
Addressing noise in the support set is a critical challenge
for practical FSL [18, 21, 53]. Contamination from label
noise [21], out-of-distribution (OOD) samples [18, 30], or
complex backgrounds [28] can severely destabilize class
prototypes. The dominant strategy to combat this, the
“Filter-Compress” paradigm, focuses on purifying the sup-
port set before representation construction. This manifests
in two forms. Explicit filtering methods employ outlier
detection modules to identify and discard anomalous sam-
ples [53]. For example, DETA++ [53] uses a contrastive
relevance aggregation to compute sample weights and filter
noise. Implicit filtering methods use soft-weighting mecha-
nisms, such as attention modules [21] or attentive feature
regularization [55], to down-weight the influence of sus-
pected outliers. Despite their progress, these methods face
a difficult trade-off in data-scarce scenarios: the filtering
modules often cannot distinguish true noise from valuable
hard positives [35]. This leads to Information Destruction,
the inadvertent rejection of critical samples. This practice
not only fails to resolve Representation Confusion but ac-
tively exacerbates it by leaving the prototype dominated by
common, high-variance shared features [28].

2.3. Generative Models in Few-Shot Learning
Another line of research leverages generative models to
augment the limited support data, thereby mitigating over-
fitting [31, 43, 49]. Early approaches focused on sim-
ple transformations or feature-space interpolations [31, 48].
More recent works have employed adversarial task augmen-
tation to create more challenging and diverse meta-training
tasks [43, 45]. With the advent of diffusion models [14],
recent methods have begun to explore their powerful gener-
ative capabilities for FSL. MetaDiff [49], for instance, uses
a conditional diffusion model for novel sample generation.
Other works leverage the generative priors of large founda-
tion models to synthesize new features or classifiers [54].
These methods primarily use generation to increase the
quantity of data.

2.4. Subspace and Disentangled Representations
The vulnerability of point prototypes [37] has motivated
a shift toward richer class representations that better cap-
ture intra-class variance. This includes modeling classes
as Gaussian distributions [9] or as adaptive, low-rank sub-
spaces [1, 36]. Methods like DeepEMD [50] compute
structural distances between sets of features. These ap-
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proaches offer a more robust class representation than a
single mean vector. Parallel efforts in representation learn-
ing have demonstrated the value of disentanglement [2, 13],
separating common, shared features from unique, discrimi-
native factors.

3. Methodology
To implement the “Filter-Repair-Expand” paradigm, we
propose the Determinantal Point Process-guided Disentan-
gled Subspace Framework (DDSF) to construct robust class
representations from a noisy support set S = {xi}Ki=1

(where xi is an individual sample) and a query set Q, ul-
timately maximizing classification accuracy.

3.1. Framework Overview
As illustrated in Figure 2, our proposed DDSF implements
the Filter-Repair-Expand paradigm through three synergis-
tic modules that process the support set S sequentially.
First, all samples pass through the DPP-based Anomaly ID
module (Sec 3.3.1), which leverages DPP-based anomaly
scores (Sec. 3.3.1) to identify a high-interference candidate
set Sa. Second, this anomalous set Sa is processed by the
DPP-Guided Repair module (Sec 3.3.2), which utilizes a
DPP-gradient (Eq. 5) to transform corruptions into effective
features. Finally, the resulting purified feature set Sf (i.e.,
Sk ∪ Sr, where Sk is the known-clean set and Sr is the re-
paired set) enters the Disentangled Subspace Construction
module (Sec. 3.4). This module is driven by two coopera-
tive objectives (Lsh for capturing commonality via feature
reconstruction, and Lun for maximizing the unique sub-
space volume) to build the robust shared (Vsh) and unique
(Vun) subspaces for classification.

3.2. Determinantal Point Processes (DPP)
DPP, a class of probabilistic models that simultaneously
capture quality and diversity [17], serves as the theoretical
foundation for DDSF. Given a kernel matrix L, typically
defined as the Gram matrix of features:

Lij = ⟨ϕ(xi), ϕ(xj)⟩ (1)

where xi, xj ∈ S, and ϕ(·) is the feature embedding. If we
let F be the matrix whose rows are the features {ϕ(xi)}Mi=1,
the kernel can be expressed as L = FFT . DPP defines
the probability of sampling a subset Y of size K from M
items [16, 17, 22]:

P (Y) =
det(LY)

det(L+ I)
(2)

where LY is the principal submatrix of L indexed by Y .
The numerator, det(LY), is geometrically equivalent to the
squared volume of the parallelotope spanned by the feature
vectors in Y [17].

However, directly applying DPP’s volume maximization
to raw features has an inherent limitation. As the determi-

nant value is sensitive to feature norms, its quality term is
prone to be dominated by high-magnitude noise or high-
variance shared background features (fsh). This bias can
lead the model to favor a polluted representation. To cir-
cumvent this issue, the DDSF framework applies the DPP
principle to purified feature subspaces.

3.3. Filter and Repair
3.3.1. Probabilistic Anomaly Identification
Unlike conventional methods that discard outliers, the fil-
ter stage identifies candidate samples for repair, thus avoid-
ing potential information loss. This mechanism leverages
dual information dimensions embedded within the Deter-
minantal Point Process (DPP) kernel L (Eq. 1): diversity
and quality. An anomaly is characterized by high diversity
(orthogonality to the clean manifold) and low quality (weak
cohesion with the class concept).

Sample uniqueness (diversity) is quantified via the DPP
marginal probability pk:

pk = [L(L+ I)−1]kk (3)

where L is the kernel matrix defined in Eq. 1, and I is the
identity matrix. Concurrently, sample representativeness
(quality) is assessed via a cohesion score qk, which mea-
sures the aggregate affinity of a sample with other members
in its set:

qk =
∑
j ̸=k

(Lkj)
2 (4)

where Lkj denotes the similarity between sample k and j.
To robustly distinguish anomalies from hard positives

(which may exhibit high pk but also high qk), these metrics
are fused into a final anomaly score sk = pk/qk. A data-
driven thresholding process, governed by a global hyperpa-
rameter τ , then partitions the support set S based on these
scores. Samples with a score sk indicative of an anomaly
are assigned to Sa, while the remainder form Sk. Sa is then
forwarded to the repair module.

3.3.2. DPP-Guided Feature Optimization
The core of this module is a parameter-free DDPM [14]
reverse process guided by a DPP gradient. This design
avoids introducing a large auxiliary network, resulting in
a lightweight and flexible optimization process. Its effec-
tiveness stems from the injected guidance loss Lg (Eq. 5).

Lg(ft−1) = − log det(K{ft−1}∪Sk
) (5)

µ′(ft, t) = µ(ft, t)− γΣt∇fLg (6)

where Lg (Eq. 5) computes the collective volume of the
feature-to-be-repaired ft−1 and Sk, with K being the cor-
responding Gram matrix. In Eq. 6, µ is the standard mean
of the DDPM reverse process, ∇Lg is the gradient of the
volume loss which points in the direction that maximizes
collective diversity. µ′ is the guided mean, and γ is the
guidance scale.
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Figure 2. DDSF architecture, illustrating the Filter-Repair-Expand paradigm. It sequentially performs: (1) DPP-based anomaly identifica-
tion (Sec. 3.3.1), (2) DPP-guided repair (Sec. 3.3.2), and (3) disentangled subspace construction (Sec. 3.4).

In each iteration, this gradient (Eq. 6), derived from the
DPP volume objective [17], updates the noisy feature, not
only aiming to remove contamination but also optimizing it
towards a direction that maximizes the collective diversity
with (Sk). Consequently, the initial anomalous feature is
transformed into an effective feature that contributes to the
robust class representation.

3.4. Disentangled Subspace Expansion
After obtaining the purified feature set Sf , we proceed to
the expand phase. This stage implements our synergistic
subspace learning, grounded in the hypothesis (Eq. 7) that
a feature f can be decomposed. To achieve this, we param-
eterize the shared subspace Vsh and each class-unique sub-
space V(c)

un as two distinct, learnable linear projection mod-
ules (visible as the MLP in Fig. 2), denoted Psh and P

(c)
un.

Our disentanglement process, which enforces this separa-
tion, is then driven by two cooperative objectives that jointly
structure the feature space [2, 12, 13].

f = fsh + fun + ϵ (7)

Operationally, based on the learnable projections Psh and
P

(c)
un defined above, these components are modeled as fsh =

Pshf and fun = P
(c)
unf . First, we introduce the Shared

Reconstruction Loss (Lsh), designed to expand the shared
subspace Vsh to form a comprehensive basis that explains

the commonalities across all classes. This objective is for-
mulated as the mean squared reconstruction error between
the purified features f ∈ Sf and their projections onto the
shared subspace Psh:

Lsh =
1

|Sf |
∑
f∈Sf

∥f −Pshf∥22 (8)

By minimizing Lsh, the optimizer is compelled to expand
the expressive capacity of Vsh to cover and reconstruct the
universal features present in all classes [2, 15] (e.g., the gen-
eral concept of dog in a multi-species task).

Concurrently, the Unique Volume Loss (Lun) is de-
signed to expand the class-specific unique subspaces V(c)

un

to capture the discriminative information not explained by
the shared subspace. We first compute the residual features
f
(c)
res for each class c, representing the portion of the signal

not captured by Vsh:

f (c)res = f (c) −Pshf
(c), for f (c) ∈ S(c)

f (9)

Lun then operates on these residuals by maximizing their
collective volume, applying the DPP objective [17]. This
loss is defined as the negative log-determinant of the Gram
matrix G

(c)
res computed from these residual features:

Lun = −
N∑
c=1

log det(G(c)
res + ϵI) (10)

Minimizing Lun is equivalent to maximizing the log-
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determinant, which geometrically corresponds to maximiz-
ing the volume spanned by the residuals [17]. This objec-
tive forces each V(c)

un to expand and model all remaining
class-specific, discriminative information (e.g., the unique
facial patterns of a husky). These two losses thus operate
synergistically: Lsh expands to capture commonality via
reconstruction, while Lun expands to capture the unique,
discriminative residuals via volume maximization.

3.5. Classification and Joint Optimization
3.5.1. Subspace-Reconstruction Classifier
Based on our disentanglement hypothesis (Eq. 7), the final
classifier eschews conventional point-based distances [37,
42]. Given an (undisentangled) query feature fq , we predict
its label ŷ by finding the class c whose total reconstruction
subspace P

(c)
total = Psh + P

(c)
un yields the minimum recon-

struction error:

ŷ = argmin
c∈{1,...,N}

∥fq − (Psh +P(c)
un)fq∥22 (11)

This classification mechanism directly applies the train-
ing paradigm at inference. Instead of proximity, it evaluates
fq’s compatibility with each learned subspace. A correct
class c should explain the query with minimal reconstruc-
tion error using its combined bases (Psh and P

(c)
un).

3.5.2. Joint Training Objective
To optimize the framework, our total loss function Ltotal

combines the primary classification loss with our two dis-
entanglement regularizers:

Ltotal = Lcls + λshLsh + λunLun (12)

Lcls (a cross-entropy loss [7, 11] on logits from negative re-
construction errors) supervises the classifier (Eq. 11). Lsh

(Eq. 8) and Lun (Eq. 10) are synergistic regularizers. Lsh

captures commonality by minimizing reconstruction error,
while Lun captures uniqueness by maximizing residual vol-
ume. λsh and λun are balancing hyperparameters.

4. Experiments
We perform comprehensive experiments to evaluate the ef-
ficacy of our proposed DDSF framework. The evaluation is
structured to first benchmark DDSF against state-of-the-art
(SOTA) methods (Sec. 4.2), followed by a systematic abla-
tion study (Sec. 4.3) to scrutinize each pillar of the Filter-
Repair-Expand paradigm. We conclude with analyses on
noise robustness (Sec. 4.4) and hyperparameter sensitivity
(Sec. 4.5).

4.1. Experimental Setup
Datasets. Our primary evaluation is conducted on Meta-
Dataset [41], a large-scale, high-diversity FSL benchmark.
To stringently assess noise robustness, we adopt the OOD-
polluted Meta-Dataset protocol [53], which simulates label

contamination by replacing a portion (e.g., 10%, 30%, 50%,
70%) of support samples with out-of-distribution (OOD)
samples.

Task Protocol. We adopt the varied-way 10-shot task
sampling protocol from DETA++ [53] for fair compari-
son. In this protocol, the number of classes (ways) per task
varies, while the number of support samples is fixed at 10.

Implementation Details and Baselines. All our DDSF
models (including ablations) use the Swin Transformer
(SwinT) [26] backbone. Our primary comparison is against
the current SOTA, DETA++ [53], which utilizes the identi-
cal SwinT backbone. We also benchmark DDSF against a
comprehensive suite of SOTA methods (see Table 1), whose
results are reported from their original publications. These
baselines cover the main paradigms in FSL and utilize di-
verse pre-trained models:
• Adapter-based methods: This includes TSA [20], which

integrates a residual adapter with URL [23] (w/ResNet-
18), and eTT [47], which attaches a self-attention adapter
to DINO [3] (w/ViT-Small).

• Full fine-tuning methods: We compare against full-FT ap-
plied to various modern backbones, including MoCo [12]
(w/ResNet-50), CLIP [33] (w/ResNet-50 & ViT-B/32),
and DeiT [40] (w/ViT-Small).

• Other recent methods: We include metric-learning (Pro-
toNet [37]), distribution-based (SemFew [51]), genera-
tive (MetaDiff [49]), and other strong competitors [6, 19,
24, 44, 46] utilizing backbones like ResNet-12 [4] and
Visformer-T [5].

This diverse set of baselines ensures a thorough evaluation
of the framework’s robustness and generalization.

Evaluation Metrics. We report the mean classification
accuracy (ACC, %) across 600 randomly sampled test tasks,
along with the 95% confidence interval [41, 53].

4.2. Comparison with State-of-the-Art Methods
We first benchmark DDSF against existing SOTA methods
on the OOD-polluted Meta-Dataset. To ensure a fair and
direct comparison, our primary analysis focuses on methods
using the identical SwinT backbone.

As shown in Table 1, DDSF significantly outperforms all
baselines across all noise levels.

• Fundamental Generalization Advantage: At 0% noise,
DDSF (91.9%) achieves a +5.4% absolute gain over
DETA++ (86.5%) on the identical SwinT backbone. This
superior performance demonstrates the efficacy of the
purify-then-expand representation learning paradigm.

• Robustness Advantage: The performance gap widens sig-
nificantly as noise increases. From 0% to 50% noise,
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Table 1. Main SOTA Comparison on OOD-polluted Meta-Dataset. We compare our DDSF against standard baselines and recent state-of-
the-art methods. All results are mean accuracy (%). Our method outperforms all competitors, especially in the direct comparison on the
same SwinT backbone.

Method Backbone 0% Noise 10% Noise 30% Noise 50% Noise 70% Noise

TSA (2022) [20] URL 75.5 71.4 64.4 56.0 36.7
eTT (2022) [47] DINO 80.9 76.7 67.5 50.4 38.1
full-FT MoCo 73.0 66.9 62.8 54.1 34.8
full-FT CLIP 75.3 70.1 64.9 54.0 35.7
full-FT DeiT 82.5 78.0 75.4 63.8 43.2

AM3 (2019) [46] ResNet-12 74.1 68.4 62.5 50.8 33.7
FGFL (2023) [6] ResNet-12 80.1 74.8 69.9 55.8 36.7
MetaDiff (2024) [49] ResNet-12 74.5 69.2 63.5 51.5 34.1
SemFew (2024) [51] ResNet-12 81.5 78.6 73.5 61.0 44.9
SemFew-Trans (2024) [51] SwinT 81.9 77.2 71.2 57.9 40.6
FedFSL-CFRD (2025) [44] ResNet-12 65.0 60.6 56.8 50.8 42.5
ECER-FSL (2025) [24] ResNet-12 84.4 78.1 73.3 61.2 42.8
ECER-FSL (2025) [24] Visformer-T 85.2 79.8 74.3 62.8 43.8
LDC (2025) [19] CLIP 85.2 79.2 74.2 64.3 44.6

full-FT SwinT 81.3 75.4 70.7 58.5 41.1
DETA++ (2025) [53] SwinT 86.5 80.9 77.3 64.2 47.0
Ours (DDSF) SwinT 91.9 (±0.43) 89.9 (±0.50) 85.3 (±0.65) 75.9 (±0.88) 61.6 (±1.09)

DETA++ drops 22.3 points, whereas DDSF drops only
16.0 points. At the 70% noise setting, DDSF (61.6%)
maintains a +14.6% lead over the SOTA (47.0%), high-
lighting the framework’s high resilience.

A more comprehensive analysis covering low-shot settings,
real-world cross-domain generalization, model efficiency,
and disentanglement visualization can be found in our sup-
plementary materials.

Backbone Generality. Table 2 evaluates DDSF’s perfor-
mance across five different modern backbones, demonstrat-
ing its wide applicability and consistently high performance
across all tested architectures. In the clean (0% noise) set-
ting, DDSF’s accuracy ranges from 89.1% (ResNet-50) to a
peak of 93.1% (CLIP). This robustness is maintained in the
30% noise setting, where all backbones still perform well
above 82.2%. Notably, the transformer-based architectures
(CLIP, SwinT, ViT) show particularly strong results, with
CLIP achieving the highest performance overall (93.1% at
0% and 86.1% at 30% noise), confirming our framework’s
compatibility and effectiveness.

4.3. Ablation Study

We conduct a systematic component-additive ablation study
to analyze our DDSF framework. We first validate the
Filter-Repair pipeline by dissecting the components of the
DPP-based anomaly score (Sec 3.3.1) and the repair module
(Sec 3.3.2). We then validate the Expand phase by analyz-
ing the effect of our disentanglement loss (Sec 3.4). Table 3
summarizes the results.

Table 2. Performance of our DDSF framework across various
backbone architectures. All results are reported on the OOD-
polluted Meta-Dataset under 0% and 30% noise levels.

Backbone 0% Noise 30% Noise

Swin-T [26] 91.9 (±0.43) 85.3 (±0.65)
ViT-B/32 (CLIP) [33] 93.1 (±0.31) 86.1 (±0.55)
ViT-S (DINO) [3] 90.0 (±0.53) 84.2 (±0.71)
ConvNeXt-B [27] 90.4 (±0.52) 83.9 (±0.61)
ResNet-50 [11] 89.1 (±0.49) 82.2 (±0.76)

Analysis of Filter-Repair Components. We first evalu-
ate the Filter and Repair pipeline by analyzing rows (A)
through (E) in Table 3. The baseline model (Idx A) with
no filtering yields 77.1% accuracy in the 30% noise set-
ting. We then analyze our DPP-based anomaly score sk =
pk/qk (Sec 3.3.1) by dissecting its components. Using
only the diversity metric pk (Eq. 3) provides a +2.3% gain
(Idx B). Concurrently, using only the quality/cohesion met-
ric qk (Eq. 4) yields a similar +2.4% gain (Idx C). Our
full proposed score sk (Idx D), which fuses both metrics,
achieves 80.7%, demonstrating that the fusion of quality
and diversity (+3.6% gain) is more robust than either met-
ric alone. Finally, activating the DPP Repair (Idx E) mod-
ule—repairing the outliers identified by sk—provides the
largest boost in this phase of +2.7% (to 83.4%). This un-
derscores the efficacy of repairing features rather than dis-
carding them (Sec 3.3.2).
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Table 3. Component-additive ablation study of the DDSF framework. We analyze the contribution of each module defined in Sec 3.3.1
(Filter) and Sec 3.4 (Expand). Models (A-E) serve as the baseline pipeline, while the full model (F) additionally integrates the DPP-based
volume loss (Lun). Accuracy (%) is reported on 0% (clean) and 30% (noisy) settings.

Components Accuracy (%)
Idx Filter (pk) Filter (qk) Filter (sk) Repair (DPP) Expand (Lun) 0% Noise 30% Noise

(A) ✗ ✗ ✗ ✗ ✗ 84.4 77.1
(B) ✓ ✗ ✗ ✗ ✗ 86.3 79.4
(C) ✗ ✓ ✗ ✗ ✗ 86.2 79.5
(D) ✗ ✗ ✓ ✗ ✗ 87.3 80.7
(E) ✗ ✗ ✓ ✓ ✗ 89.9 83.4

(F) ✗ ✗ ✓ ✓ ✓ 91.9 85.3
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Figure 3. Ablation analysis of the feature space. (a) Log Volume:
DDSF’s purified feature volume remains low and stable against
noise, unlike the baseline. (b) Spectral Compaction: DDSF’s sin-
gular values decay sharply, indicating successful purification and
compaction of shared/noise variance.

Analysis of Disentangled Expansion Loss. We next vali-
date the Expand mechanism (Sec 3.4). Models (A) through
(E) all utilize a standard orthogonal loss (ortho). To cre-
ate the Full DDSF (Idx F), we replace this standard ortho
loss with our proposed DPP-based Unique Volume Loss
(Lun). This single change provides another significant
performance increase, boosting accuracy by +1.9% (from
83.4% to 85.3%) in the noisy setting. This direct com-
parison between (E) and (F) confirms that the DPP-driven
expansion (maximizing residual volume) outperforms stan-
dard orthogonal constraints. Furthermore, this module also
provides the largest gain in the clean setting (+2.0% gain
from Idx E to F), yielding the peak 0% noise performance
of 91.9% and demonstrating its universal benefit.

Figure 3 provides qualitative evidence for this Expand
mechanism. The analysis of total feature volume (Fig. 3a)
and spectral compaction (Fig. 3b) validates our hypothesis.
The baseline exhibits high, unstable feature volume that in-
creases with noise. In contrast, the full DDSF model main-
tains a low, stable volume and sharp spectral decay indicates
the feature space has been successfully purified and com-
pacted by the synergistic Expand losses (Lsh and Lun).

Table 4. Performance vs. 30% OOD and 30% SLS Noise (SwinT).

Method Noise Type Accuracy (ACC, %)

DETA++ [53]
OOD Noise 77.3
SLS Noise 75.1

Ours (DDSF) OOD Noise 85.3
SLS Noise 83.2

4.4. Robustness Across Noise Types
We evaluate robustness against OOD noise (geometrically
separable) and Symmetric Label Swapping (SLS) noise (se-
mantically confusing) [52]. Table 4 shows that DDSF main-
tains exceptionally high performance (83.2%) even against
the more difficult SLS noise. This validates that the DPP-
based probabilistic identification mechanism captures se-
mantic inconsistency, not just simple geometric distance.

4.5. Hyperparameter Sensitivity
Impact of Loss Weights (λsh, λun). DDSF’s sensitivity
to its two core loss weights, λsh and λun, is analyzed in
Figure 4. The resulting heatmap demonstrates strong ro-
bustness across a wide range of hyperparameter settings,
showing a large high-performance region (e.g., > 90% ac-
curacy) where λsh and λun are appropriately balanced (e.g.,
λun ≥ 0.1). Notably, even the lowest recorded accuracy in
the grid (at λsh = 0.01, λun = 0.01) is 88.11%, indicating
that the framework’s performance is stable and not reliant
on sensitive manual tuning.

Impact of Anomaly Threshold (τ ). We analyze the sen-
sitivity of the anomaly threshold τ (Sec 3.3.1), which de-
fines the minimum credible gap width required for data-
driven partitioning. A τ value that is too high (e.g., τ ≥ 0.5)
forces the model to be overly conservative, only partitioning
on extremely obvious gaps and thus failing to detect most
noise; this pollutes wen. Conversely, a τ value that is too
low (e.g., τ = 0.1) is slightly too permissive, potentially
over-detecting anomalies on minor fluctuations and deplet-
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Figure 4. Sensitivity analysis for λsh and λun. The large high-
performance region (warm colors) demonstrates our framework is
robust to the specific choice of weights.

Table 5. Sensitivity analysis for the anomaly threshold τ
(Sec 3.3.1). We report mean accuracy (%) on 30% OOD and 30%
SLS noise settings.

τ 0.1 0.2 0.3 0.4 0.5 0.6

OOD Noise 84.5 84.7 85.1 84.6 83.9 80.8
SLS Noise 82.6 82.7 83.3 82.9 82.3 79.8

Table 6. Impact of explicit foreground masking. We compare
DDSF against a variant (DDSF + Mask) that applies all losses only
to foreground features identified by a U-2-Net.

Method 0% Noise 30% OOD 30% SLS

Ours (DDSF) 91.9 85.3 83.2
DDSF + Mask 92.1 85.2 83.5

ing Sk. Table 5 reports the performance as τ is varied. The
results show a clear performance peak at τ = 0.3 (85.1%
OOD, 83.3% SLS) and demonstrate high robustness within
a wide stable range [0.1-0.4]. Performance degrades as the
threshold becomes too conservative (τ ≥ 0.5).

4.6. Robustness to Background Variance
To evaluate robustness to background variance, we test a
“DDSF + Mask” variant. This variant utilizes a pre-trained
U-2-Net [32] to generate foreground masks, subsequently
applying all framework losses (Lsh, Lun, and Lcls) only to
features within these masked regions. As shown in Table 6,
the introduction of this explicit masking module yields only
negligible performance fluctuations (ranging from -0.1%
to +0.3%) across the tested settings. This result suggests
that the core disentanglement mechanism is already inher-
ently robust to background variance. The synergistic oper-
ation of Lsh, which captures common, non-discriminative
features (including shared backgrounds) via reconstruction,
and Lun, which expands the volume of unique, discrimina-
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Figure 5. Qualitative analysis of the DPP-based anomaly identifi-
cation module (Sec 3.3.1). We visualize computed sk = pk/qk
scores from a representative 10-shot task, showing a bird class
(class 1, top) and flower class (class 2, middle) support set. Sam-
ples are sorted by score (left-to-right). Ground-truth noise (red
boxes) consistently receives high anomaly scores, validating the
filter’s effectiveness.

tive features (i.e., the unique subspace), effectively achieves
implicit background invariance, obviating the need for an
additional, computationally expensive masking module.

4.7. Qualitative Analysis of Anomaly Identification

To provide qualitative insight into the DPP-based anomaly
identification (Sec. 3.3.1), we visualize the filter process on
a representative OOD-polluted 10-shot task in Figure 5. For
each class, the 10 support samples are strictly sorted by their
calculated anomaly score (sk = pk/qk) from left to right.

The visualization clearly demonstrates the efficacy of the
scoring mechanism. Clean, typical samples (e.g., the birds
in class 1 and flowers in class 2) are consistently assigned
low sk scores (low diversity pk, high quality qk) and are pre-
served. Conversely, all ground-truth OOD noise (indicated
by red borders) are assigned high scores (e.g., sk > 0.30 in
class 1 and sk > 0.67 in class 2). As shown by the blue un-
derlines, the detections highly correspond with the ground
truth in both classes. This result validates the robustness of
the Filter stage, which provides a reliable set of candidates
Sa for the subsequent Repair module (Sec 3.3.2).

5. Conclusion

We present DDSF, a robust few-shot learning framework
introducing a “Filter-Repair-Expand” paradigm to address
representation instability from corrupted data. The frame-
work leverages Determinantal Point Process theory to syn-
ergistically perform probabilistic anomaly identification,
guide a diffusion-based repair, and maximize the volume of
disentangled, class-specific subspaces. This approach trans-
forms high-interference samples into effective features and
constructs robust prototype subspaces, resolving informa-
tion destruction and representation confusion of prior meth-
ods. Extensive experiments on multiple noise benchmarks
demonstrate DDSF significantly outperforms state-of-the-
art methods, establishing new standards for FSL robustness.
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