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ARTICLE INFO ABSTRACT

Communicated by J. Yu Few-shot learning is a challenging task that has attracted increasing research attention and achieved significant
advances in recent years. Data augmentation-based methods have been proposed to calibrate biased feature
distributions in few-shot settings by leveraging base-class statistics based on class similarity, thereby better ap-

I::ﬁ(;rg:] earning proximating the true novel-class distribution. However, these methods overlook whether calibration benefits all
Distribution fusion samples, potentially degrading learning performance, which is known as negative calibration. This study system-
Data augmentation atically investigates this issue and introduces a distributional fusion framework to mitigate its adverse effects.
Negative calibration The framework enhances effectiveness by pre-screening samples prone to negative calibration based on their for-
Distribution calibration getting frequency. Additionally, existing distribution calibration methods typically measure similarity between

novel-class and base-class distributions using feature means, capturing positional differences while ignoring the
geometric structure encoded in covariance. The proposed framework dynamically refines novel-class distribution
estimation using an optimal transport strategy, leveraging the Bures-Wasserstein distance to accurately capture
distributional differences via covariance comparison. On a series of Few-Shot Learning benchmarks, our method
achieves a performance improvement of 2.77 %—4.69 % compared to existing methods, and effectively mitigates
negative calibration.

1. Introduction have proposed various data-augmentation-based distribution calibration
methods, aiming to reduce distributional bias and more accurately
estimate the feature distributions of novel classes. Inspired by the ob-
servation in [77] that semantically similar classes tend to share similar
mean and variance statistics in the feature representation space, sev-
eral distribution calibration approaches [21,33,34,44,53,77] leverage
the distributional statistics of base classes to calibrate the biased distri-
butions of novel classes according to class similarity. By sampling from
the calibrated distributions, these methods generate synthetic samples
that more closely approximate the true distributions.

However, existing methods overlook the fact that calibration may
not benefit all samples, potentially degrading model performance.
Preliminary experiments were performed to examine the impact of
calibration on individual samples. As illustrated in Fig. 1, the results in-
dicate that calibration is not universally effective and may even induce
negative calibration for certain samples.

Deep learning algorithms have demonstrated remarkable achieve-
ments across various domains, including speech recognition [36,79],
computer vision [35,83], video captioning [9,82], and natural lan-
guage processing [32]. However, these methods commonly rely on large
amounts of labeled samples to achieve high performance, which is chal-
lenging and prohibitively expensive in practical scenarios. To tackle this
problem, Few-Shot Learning (FSL) was proposed, aiming to learn from
the limited samples with supervised information and then effectively
generalize during the testing phase [16,39,66].

Few-Shot Learning is constrained by the scarcity of examples per
novel class, making it challenging to faithfully approximate the true
underlying distribution. Although existing data augmentation methods
can increase the number of training samples, they often fail to accu-
rately capture the distribution of novel classes, leading to distortion in
the estimated novel-class distribution. To alleviate this issue, researchers
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Fig. 1. (a) The calibration shift of 200 5-way 1-shot tasks on minilmagenet with 1000 samples. It can be observed that there are 10 % of samples with negative
calibration. (b) The t-SNE visualization of feature distributions of positive and negative calibration examples: the * represents the support sample in 5-way 1-

shot tasks, while * represents the prototype of the ground-truth distribution of the support set. The * represents negative calibration sample, deviating from the

prototype after distribution transform. Conversely, the
distribution transform. (Best viewed in color).

To quantify this effect, the concept of calibration shift is defined as
the Euclidean distance between the original sample x and the prototype
of the ground-truth distribution yu, denoted as d(x, u), relative to the
distance after calibration, denoted as d(x’, u), where x’ denotes the
calibrated sample. Fig. 1(a) illustrates the calibration shift of 200
5-way 1-shot tasks on minilmagenet, each containing 1000 samples.
Approximately 10 % of samples exhibit negative calibration. Examples of
positive and negative calibration for 5-way 1-shot tasks on minilmagenet
are shown in Fig. 1(b). Negative calibration occurs when samples devi-
ate from the prototype after a distributional transformation, whereas
positive calibration indicates that samples closely align with the pro-
totype of the ground-truth distribution following the distributional
transformation.

Preliminary experiments confirm the existence of negative cali-
bration and its adverse impact on model performance. Consequently,
identifying negative calibration samples is essential, and a mitigation
strategy is employed that pre-filters such samples before distribution
calibration to reduce their interference with novel-class distribution es-
timation. Negative calibration samples typically have centered, large
target objects with simple, semantically clear backgrounds. These sam-
ples can be recognized by the model with high confidence even without
calibration, and including them in calibration may impair distribution
estimation accuracy. While these characteristics provide intuition, they
are not easily quantifiable or generalizable, necessitating an objective
metric to systematically identify negative calibration samples.

Inspired by Toneva et al. [67], forgetting frequency during training is
used as the selection criterion. This simple metric requires no additional
networks or parameters and has low correlation with class labels [61],
providing an objective measure of sample quality. Distribution calibra-
tion is then applied only to positive calibration samples, enhancing the
accuracy and robustness of novel-class distribution estimation.

Moreover, existing distribution calibration methods typically mea-
sure similarity between novel class and base class distributions using
feature means. This captures positional differences but ignores the geo-
metric structure represented by covariance. To address this limitation,
theoretical studies provide guidance. Olkin et al. [51] demonstrated
that incorporating covariance matrices [11] extends traditional point-
to-point metrics into a holistic measure of distributional differences,
enabling more accurate evaluation of distribution similarity. Han et al.
[22] further pointed out that the Bures—Wasserstein distance combines
Euclidean and Mahalanobis distances, capturing differences in both

represents positive calibration sample, which is close to the prototype of the ground-truth distribution after

position and geometric structure of Gaussian distributions. This provides
a theoretical foundation for fine-grained distribution alignment.

Inspired by these findings, the proposed method introduces a Bures—
Wasserstein based approach [1] that considers both mean and co-
variance to quantify the similarity between novel-class and base-class
distributions. Furthermore, sample richness is crucial for building robust
classifiers in few-shot scenarios. Gaussian sampling from the calibrated
distributions is performed to augment training data, enhancing training
accuracy and reducing overfitting. The main contributions of this paper
are as follows:

« To the best of current knowledge, the adverse effects of negative
calibration occurring during the distribution calibration process are
systematically identified and analyzed for the first time. A distribu-
tional fusion framework is introduced to mitigate these effects by
identifying and filtering negatively calibrated samples, which is ac-
complished through pre-screening support samples based on their
forgetting frequency.

A novel positive distribution transformation model is introduced to
dynamically adjust the estimation of novel-class distributions using
optimal transport techniques, specifically the Bures-Wasserstein dis-
tance, allowing accurate capture of both the position and geometric
structure of pairwise Gaussian distributions.

Extensive experiments are conducted on three widely used bench-
mark datasets for Few-Shot Learning, demonstrating robust per-
formance across all benchmarks. The proposed method achieves a
performance improvement of 2.77 %-4.69 % over existing methods
while effectively mitigating negative calibration.

The subsequent sections of this paper are organized as follows.
The related works or areas that are closely connected are discussed in
Section 2. We then elaborate on the formulation and corresponding pro-
cess of the proposed methods in Section 3. Section 4 presents extensive
experiments and ablation studies aimed at evaluating the performance of
the proposed methods. Finally, the analysis and limitations are presented
in Section 5, while the conclusions are discussed in Section 6.

2. Related work

In this section, we delineate the existing studies or domains
most pertinent to our approach. This section encompasses two parts,
specifically, Few-Shot Learning and sample hardness assessment.
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2.1. Few-shot learning

Few-Shot Learning (FSL) addresses the challenge of recognizing
unseen classes with only a few labeled samples. Existing FSL meth-
ods can be broadly categorized into four groups: algorithm-optimized,
model-based, metric-based, and optimization-based methods.

Traditional data augmentation techniques, such as rotation [37],
scaling [40], and mixup [45], expand the dataset through simple ge-
ometric transformations. In contrast, generative approaches such as
GPRN [46], WeditGAN [13], Ensemble FSC [31], and Variational Auto-
Encoders (VAEs) [74] generate synthetic samples from learned latent
representations. Model-based approaches enhance learning capacity
by leveraging external memory [81] or metric-based models such as
MIFN [17], TST-MFL [64], Prototypical Network [60], and Relation
Network [56]. These methods are selected for comparison with our ap-
proach. Moreover, algorithm-based approaches, such as MAML [14] and
MetaEDL [43], facilitate rapid adaptation across diverse tasks.

Additionally, methods designed to enhance data augmentation
through distribution calibration have been widely adopted. The
Distribution Calibration (DC) method [77] modifies the support set dis-
tribution by transferring statistics from base classes. However, the DC
method neglects the adaptive transfer of transferable knowledge dur-
ing the calibration process. Adaptive Distribution Calibration (ADC)
[44] introduces a method to automatically determine cost functions
between base and novel classes by incorporating optimal transport,
but it overlooks covariance information within the distributions. The
Hierarchical Optimal Transport (H-OT) method [21] further introduces
a dual-layered design, consisting of high-level OT for learning cost
functions and low-level OT for assessing similarities between base and
novel samples. Nevertheless, this method incurs significant computa-
tional costs as it considers all base and novel samples, yielding only
marginal performance gains.

Inspired by DC [77] and transductive learning, TDO [6] and PDC
[33] attempt to reduce estimation bias in feature distributions. However,
their similarity matching relies on the Euclidean distance, which fails to
capture feature correlations. RTDC [34] and DDC [3] capture underlying
distribution information by estimating the covariance matrix of each
novel class. However, covariance estimation becomes unreliable in 5-
way 1-shot scenarios due to the lack of sample diversity. Additionally,
DDWM [72] can produce an infinite number of samples for few-shot
classes. AdaBC [75] adopts a secondary selection strategy based on the
blank center to identify approximate base classes, while ConCM [71]
proposes memory-aware prototype calibration to address prototype bias
and structure fixity. However, all of these methods overlook the issue
of negative calibration, where over-adjustment of feature distributions
leads to biased representations.

2.2. Sample hardness assessment

Recent studies assess example difficulty based on the training loss,
particularly near convergence. These approaches include curriculum
learning [5,15,25] and self-paced learning [80]. Curriculum learning ad-
vocates sequential training with progressively harder examples, among
which the widely adopted Transfer Teacher method [50] plays a key
role in guiding task difficulty.

Self-paced learning (SPL) [20,28,85] employs a difficulty measurer
that shares parameters with the classification model, thereby reducing
computational cost and improving robustness. Meta-task learning (MTL)
[63] identifies low-accuracy classes as difficult ones and constructs ad-
ditional training tasks centered on them. Additionally, Online Hard
Example Mining (OHEM) [2,42,59] selects the most challenging sam-
ples within each mini-batch to improve neural network performance,
effectively reweighting the data distribution toward harder instances.
Meanwhile, MaxUp [19] minimizes the average risk under worst-case
data augmentations by generating multiple random perturbations or
transformations. This study is inspired by Toneva et al. [67], who
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empirically demonstrated that unforgettable examples can be removed
without affecting model generalization.

2.3. Discussion

The methodologies discussed in this section have profoundly in-
fluenced our research in two primary aspects: (1) Our approach is
fundamentally categorized as an augmentation-based method, enhanc-
ing the diversity of training samples. (2) The distribution calibration
process, which is informed by the prior selection of negative calibration
samples, draws substantial inspiration from the foundational work of
[67]. Furthermore, the findings in [61] reveal relatively low class corre-
lation based on the analysis of forgetting events, indicating a diminished
sensitivity to the inherent quality of the class samples.

3. Methodology

This section first introduces the preliminaries of few-shot learning in
Section 3.1. Next, the proposed approach is detailed, which employs
a negative calibration sample selection strategy to identify negative
calibration samples based on the frequency of forgetting events, as dis-
cussed in Section 3.2. Following that, the transformation of positive
support samples from the base classes using an optimal transport strat-
egy is described in Section 3.3. Finally, the sample augmentation and
training procedure adopted in the proposed framework are explained
in Section 3.4. An illustration of the proposed method is shown in
Fig. 2, and the key symbols with their corresponding definitions are
summarized in Table 1.

3.1. Preliminary

A typical Few-Shot Learning (FSL) setting involves base
dataset and novel dataset. The base dataset denoted as D,,, =
{(x..7,).Y, € Cb}ili"l‘“e, which consists of samples labeled with classes
from C,, where b = 1,2,..., B. This dataset is used to train the model.
The novel dataset, denoted as D, = {(X,.Y,) .Y, € Cn};i";"'e‘, consists
of samples labeled with classes from C,, where n = 1,2,..., N. The labels
Y, and Y, represent the class labels for instances X; and X ;, respectively.
The two class label sets Dy, and D, are disjoint: Dy, N D, o = 9.
Npase and N, .., denote the total numbers of observations in Dy,,, and
D,ovel - During testing, a task 7 contains N classes sampled from D, .,
with each class having K support samples and g query samples. The
support set denoted as S = {(X j,Yj)}NXK and the query set denoted

j=1
as Q = {(X /-,Yj)}jliﬁgkj\ixlq. Through training the model on the base

classes, FSL employs the labeled support set to adjust to the task,
subsequently assessing its performance on the unannotated query set,
marked as an “N-way K-shot” task.

We pre-train our feature extractor on the base dataset D,,,, using
self-supervision. The objective function of the embedding module com-
bines the self-supervision loss with the classification loss. Subsequently,
the feature extractor parameters are configured to extract features from
novel classes D

novel *

3.2. Negative calibration sample selection

This section aims to identify negative calibration samples that induce
calibration shift and consequently degrade model performance during
distribution transformation. Fig. 3 presents examples of negative and
positive calibration samples from the CUB dataset [70], highlighting
their distinguishing features. Negative calibration samples are typi-
cally centrally positioned and occupy a large portion of the image,
exhibiting clear and easily recognizable features such as a bird centered
against a clear sky, which can be correctly classified without calibration.
Conversely, positive calibration samples often display ambiguous char-
acteristics that necessitate calibration, such as a bird partially occluded
or surrounded by cluttered backgrounds, which complicate classification
in few-shot settings.
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Fig. 2. The illustration of our method comprises four key steps: (a) Pre-train feature extractor (Section 3.1): Pre-train the backbone network with self-supervision on
base dataset to extract features. (b) Feature extraction and gaussianization (Section 3.3): Extract novel class features using a pre-trained feature extractor and apply
Tukey’s Ladder of Powers transformation to Gaussianize the distribution. (c) Negative calibration sample selection (Section 3.2): aims to mitigate adverse effects
on model calibration by pre-screening samples based on the frequency of forgetting events. (d) Positive distribution transformation (Section 3.3): We calibrate the
support set distribution using optimal transport for positive samples. (¢) Data augmentation and training (Section 3.4): During data augmentation, feature vectors

are sampled from the calibrated or original distributions for training.

Table 1
Main symbols and instructions.
Symbol Instruction
N The number of categories in a few-shot task.
K The number of samples per class in the support set.
B The number of categories in base dataset.
b,n The base and novel class.
S,0 The support and query set.
T The set of negative calibration samples.
€ The negative calibration sample selection threshold.
$,9 The transformed support and query set.
Hys Ky The mean feature vectors of the base and novel classes.
Z,, X, The variance feature vectors of the base and novel classes.
A The power in Tukey’s transformation.
M The number of generated features per class.
W%(b, n) The Bures-Wasserstein distance.
'8 The discrete uniform distribution over B base classes.
Xy The discrete uniform distribution over N novel classes.
T € RBXN The transfer weight from X to Xy.
CeREN The transfer cost from X, to Xy.
b4 - The entropy regularization parameter.
74 The mean and variance of the calibrated distribution.
S’, The augmentation set S/ based on negative calibration sample X J’ .
S; The augmentation set S; based on positive calibration sample X;.
D All augmentation samples for support set.

Based on this analysis, the selection of negative calibration samples is
guided by their classification difficulty. Samples that are easily learned
and consistently classified correctly are more likely to induce negative
calibration, whereas difficult or outlier samples typically require calibra-
tion to better represent the class distribution. While these observations
provide intuition, they lack an objective criterion for systematic identi-
fication. To address this, the forgetting frequency of each example is
analyzed within a standard classification framework, following [67].
This metric quantifies how consistently a sample is remembered during
training, facilitating reliable detection of negative calibration samples.

The support set is defined as S = (X, Y;) jN ’TK , as described in the pre-

vious sections. This approach utilizes label pairs to model the conditional
probability distribution p(y | x;9) with a deep neural network equipped

with parameters 9. The primary training objective for the network is to
minimize the empirical risk, which is defined as follows:

R= s D0 (p(1X9).7). §
J

here, ¢ represents the cross-entropy loss function and the minimiza-
tion of this loss is executed via the stochastic gradient descent (SGD).
Regarding the dynamics of learning events, these occurrences are de-
noted as follows:

)3; =argml?xp(yjk |Xj;x9t). )

The predicted label for sample X; is obtained after r steps.

Additionally, we define acc;. = M‘ﬁ,_:yj as a binary variable that indicates
J

whether the example X; is correctly classified at time step 7. A forgetting
event for example j is detected when acc; shows a decrease between two
consecutive updates:

acc;. > acc;*'l . 3

According to this definition, examples that are forgotten at least once
during training are termed forgettable. During training, the forgetting
frequency of each sample X in the support set, denoted by T}, is tracked
over all epochs z:

T
Tj=2(acc;>acc;.+1),j=1,...,N><K. 4)
=1

The threshold e for negative calibration sample selection is deter-
mined according to the frequency of forgetting events observed during
training:

NxK

T= Y (Tj <o) )

Jj=1

here, T represents the set of negative calibration samples identified
based on their forgetting frequency during training.
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Fig. 3. Examples of negative and positive calibration samples in CUB dataset.

Analyzing the frequency of forgetting events allows us to easily
identify negative calibration samples. The less frequently a sample is
forgotten during training, the higher the likelihood that it is a negative
calibration sample. By recognizing these samples prior to distribu-
tion transformation, negative calibration can be effectively prevented.
Conversely, samples that are frequently forgotten may inherently pose
greater challenges in accurate classification or may deviate from accu-
rately representing the general class, thus necessitating calibration. This
renders them less probable candidates for negative calibration examples.

3.3. Positive distribution transformation

As discussed earlier, base classes are characterized by abundant data,
whereas support sets contain only a few labeled samples. Consequently,
transferring statistics from well-sampled base classes allows for a more
accurate estimation of the support set’s distribution. Building on this
idea, a positive distribution calibration strategy is proposed for the
positive calibration samples introduced in Section 3.2.

For simplicity, it is assumed that the feature vectors follow a Gaussian
distribution. Thus, the mean and covariance matrix statistics can capture
the distribution information accurately. To make the feature distribu-
tions more Gaussian-like, Tukey’s Ladder of Powers transformation [68]
is applied to the features of both base and novel classes. This transfor-
mation, part of a family of power transformations, effectively reduces
skewness and enhances the Gaussian-like properties of the distributions.
Tukey’s Ladder of Powers transformation is formulated as:

2 .
§= x if A#0, ®)
log(x) ifA=0,

here, 4 is a hyper-parameter used to adjust the skewness of distributions.
Decreasing A makes the distributions less positively skewed, and con-
versely, increasing A enhances positive skewness. Note that setting 1 =1
results in almost no alteration to the original features. After the trans-
formation, the base dataset samples are updated to X;. Additionally, the
support set and the query set are updated to S and 9, respectively.

After that, the mean and variance of the feature vectors from a base
class b are calculated as follows:

Z|Cb| (X)

_ &=\

ﬂb——lcbl s .
[Cp] - B r

Y= — X; - X; - .

b |Cb|_1;(’ Ilb)(, ﬂb)

Similar to base classes, the mean u, and covariance X, of novel
classes are calculated. Once the distributional statistics are obtained,
the more reliably estimated base class statistics are used to calibrate
the biased distributions of novel classes. The calibration is guided
by the similarity between base and novel classes, quantified using
the Bures—-Wasserstein distance [1], which accounts for differences in
both location (means) and geometric structure (covariances) of the
distributions:

1
2
> , (8)

where 2% is the matrix square root, while tr(-) represents the trace
operation of matrix.

However, a challenging issue exists: determining how to properly dis-
tribute this information. To address this, the similarity between base and
novel classes is quantified by minimizing an optimal transport distance,
with the cost function defined using the Bures—Wasserstein distance. For
this purpose, X and X, are modeled as discrete uniform distributions
over Gaussian representations of B base classes and N novel classes,
respectively:

ST

1
Wg(b, n) = ”l‘b - yn”% +tr| X, + X, — 2(2; Xz

B
1
Xp ~ Zf 5N (5, Zp),
. ©)
Xy ~ Y =N, Z,).
N Zl 5
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Let T denote the transfer weight from the base class distribution X
to the novel class distribution X' . After that, we use sinkhorn algorithm
[10] to compute transfer weight matrix with a minimal transportation
cost:

T* = arg rTneiH<T, C) — yH(T), (10$)

where H(T) denotes the entropy of T regularized by y, a smaller y would
force the entropy to become smaller. C € ng’\' represents the transport

cost matrix by leveraging W%(b, n). I1is a set contains all possible transfer
weight matrices:

Tl = i,TTl,,:i}. an

M(Xp, Xy) 1= {TEREXN B N

The uniform marginal constraints in Eq. (11) inherently normalize
the transport plan, and the Sinkhorn iterations are implemented in the
log-domain to ensure numerical stability. The Bures-Wasserstein cost is
smooth over positive semi-definite matrices, allowing stable optimiza-
tion even when y = 0. Once we obtain the transport weight T* by
minimizing the optimal transport problem in Eq. (10), the novel class
distribution can be calibrated through the following process:

=B T* uy+ X, B T*E, 4+ X
#r: b=1 bnzb 1,2/2 b=1 br12b ”. (12)

In theory, when there is only one support sample for a class, it is
not feasible to compute the class covariance X,. Consequently, we de-
fine X, as a zero matrix of the same dimensionality as the feature space.
Additionally, note that X ; ¢ T, indicating that the distribution transfor-
mation is applied only to positive calibration samples, while negative
calibration samples remain unchanged. For negative calibration sam-
ples, the feature vector of the sample is used as the mean, while the
variance is employed to define the variance for data augmentation. This
approach not only reduces computational costs but also avoids negative
transformation calibration.

3.4. Data augmentation and training

In Few-Shot Learning scenarios involving more than one shot, the
distribution calibration process should be repeated multiple times, each
time utilizing a different feature vector from the support set. This ap-
proach mitigates bias associated with relying on a single sample and
aims to achieve a more diverse and precise distribution estimation.

For an N-way-K-shot task, the augmentation set S; based on negative
calibration sample X J’ is generated without calibration as follows:

S~ N (u;.%;), X[ €T, (13)

similarly, the augmentation set S; based on the calibrated positive
sample X ; is generated as follows:

S~ N (kX)) X, 2T, 14)
thus, all augmentation samples are denoted as:
p={®»Ixesusyey}, (15)

where Y7 represents the set of classes for task 7. Moreover, the number
of generated features per class, denoted as M, is configured as a hyper-
parameter. The classifier is trained by minimizing the cross-entropy loss,
incorporating features from both the support set $ and the generated
features D, and is parameterized by ©:

£= ) —logPi(y|x;0). (16)
(x,y)~S‘U]D>
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Algorithm 1 Optimizing Few-Shot Distribution Estimation with
Negative Calibration Mitigation.

1: Input: Base dataset Dy, features, Support set S.

2: Output: The optimal parameter © of the classifier.

3: Train a WideResNet to classify the base classes, along with a self-
supervised task;

4: Extract support set features and query set features by the pre-trained
WideResNet;

5: Select the negative calibration samples with negative calibration
sample selection threshold e by counting forgotten events during
the training process with Eq. (5);

6: Transform samples in base dataset and novel dataset with Tukey’s
Ladder of Powers transformation;

7: Calculate base classes’s statistics y,, X, according to the transformed
features;

8: for negative calibration samples X J’ e T do

9: Form an augmentation set S; based on negative calibration samples
X ]’ according to Eq. (13);

10: end for

11: for positive calibration samples X ;¢ Tdo

12: Calibrate the mean y; and the covariance X; for positive calibration
sample X; with Eq. (12);

13: Form an augmentation set S; based on positive calibration samples
X; with Eq. (14);

14: end for

15: Train a classifier using both the support set S and sampled features
D with Eq. (16).

3.5. Workflow

To provide a comprehensive overview, the workflow is detailed in
Algorithm 1.

4. Experiments and discussions

In this section, we introduce our experimental setups, including
datasets, evaluation metrics, implementation details, network architec-
ture and parameter settings. We then evaluate the proposed method
by comparing it to typical and state-of-the-art few-shot methods.
Additionally, we discuss the effectiveness of different modules, the
visualization and the influence of hyper-parameters.

4.1. Datasets and evaluation metric

In this paper, we conduct experiments on three standardized few-
shot image classification benchmarks, including the minilmageNet, the
tieredimageNet and the CUB dataset.

(1) minilmageNet [69], a refined version of ImageNet, comprises 100
classes, each with 600 84 x 84 images. Generally 64 classes are used
for training, 16 for validation, and 20 for testing.

(2) tieredimageNet [54], introduced by Mengye et al. in 2018, is also
derived from ImageNet. tieredimageNet differs from minilmageNet
in that it comprises 608 categories, with each class having about
1,300 images of size 84 x84 and divided into 351, 97 and 160 classes
for training, validation and testing, respectively.

(3) CUB-200-2011[70] (Caltech-UCSD Birds) is an image dataset of
birds, which contains 200 species of birds and a total of 11,788 im-
ages. Generally 100 classes are used for training, 50 for validation
and 50 for testing.

As mentioned earlier, recent works widely adopt the standard Few-
Shot setting of 5-way 1-shot and 5-way 5-shot. Accordingly, we employ
the same settings and use top-1 accuracy as the evaluation metric,
along with the corresponding 95 % confidence interval across all three
datasets. The training subset is referred to as the base dataset, while
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the testing subset is used as the novel dataset. We randomly generate
10,000 tasks from the novel dataset, each comprising 5 classes (N = 5)
with either 1 or 5 support samples per class and 15 query samples.

4.2. Implementation details

In this section, we discuss the parameters of different modules as
follows.

Feature extraction module: We adopt WideResNet-28-10, a wide
residual network consisting of 28 layers with a widening factor of 10,
as the feature extraction backbone. The model is trained following the
S2M2 framework [49], which has demonstrated strong performance in
few-shot learning tasks. It produces 640-dimensional latent feature rep-
resentations. The model is trained with a batch size of 16, an initial
learning rate of 0.001, and a dropout rate of 0.5. All experiments are
implemented in PyTorch and optimized using the Adam optimizer with
standard weight decay.

Negative calibration sample selection: We employ a lightweight
network (two convolutional layers and one fully connected layer)
trained with SGD and dropout following [67]. The training runs for
7 = 100 epochs across all datasets. Moreover, samples that are never
correctly classified are treated as though they have been forgotten in-
finitely many times, for sorting purposes. The selection threshold ¢ is
set to 20 for CUB, and 15 for both minilmageNet and tieredlmageNet.

Feature distribution transform and augmentation module: In
this module, we set the Tukey transformation parameter A to 0.5 across
all benchmarks. The Sinkhorn algorithm uses a regularization coefficient
y = 0 and a maximum of 1000 iterations. We generate 600, 700, and 750
samples per class for CUB, minilmageNet, and tieredImageNet, respec-
tively, which yield optimal results. For the cross-entropy-based classifier,
we use Logistic Regression with default settings from scikit-learn.

4.3. Comparison with state-of-the-art methods

In this section, we compare our method with four groups
of representative few-shot learning methods, including metric-based,
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model-based, optimization-based, and augmentation-based approaches.
Among them, DC [77] is most closely related to our approach and can
be regarded as our baseline. Table 2 shows the performance on the
minilmageNet and CUB datasets, while Table 3 presents the results on the
tieredimageNet dataset. The results of metric-based methods are cited
from [29], which adopt the same backbones and training schemes for
all compared methods. The results of optimization-based, model-based,
and augmentation-based methods are cited from their original papers.
The second-best performance is achieved by H-OT [21], AMMD [73],
and DDC [3].

Our method consistently achieves higher accuracy rates across all
evaluated datasets compared to other approaches, indicating that it ef-
fectively mitigates calibration shift. Notably, augmentation-based meth-
ods, such as DC [77], ADC [44], and H-OT [21], outperform other
categories of few-shot learning methods. Moreover, our approach further
surpasses these methods, showing a significant improvement over the
state of the art, with a 1.56 %—3.44 % increase in the 1-shot scenario and a
2.72 %—3.74 % increase in the 5-shot scenario compared with the second-
best results. Furthermore, our model performs particularly well in the
5-way 5-shot settings. This is mainly because previous studies have often
overlooked the importance of capturing covariance information for dis-
tribution calibration, potentially missing opportunities for performance
enhancement. Additionally, the performance gain on the fine-grained
CUB dataset is more pronounced compared with other benchmarks, indi-
cating that accurate distribution calibration is pivotal for few-shot tasks.
This is achieved by precisely capturing both the position and geometric
shape of pairwise Gaussian distributions using the Bures—Wasserstein
distance.

4.4. Ablation study

Role of each module. Table 4 presents an ablation study com-
paring the effects of different modules in our method on classification
accuracy using the minilmageNet dataset. Specifically, the results in the
first, second, and third rows demonstrate that the Tukey transformation

5-way 1-shot and 5-way 5-shot classification accuracy (%) on minilmageNet and CUB with 95 % confidence intervals. All
results in this table are reported as provided in the original papers. The number in bold indicates the best performance,

and the second-best is underlined.

Method minilmageNet CUB
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
Algorithm-optimized MAML [14] 48.70 + 1.84 63.10 +£0.92 67.45+0.97 83.47 +£0.59
Meta-SGD [38] 50.47 +1.87 64.03 +0.94 53.34 +0.97 67.59 +0.82
LEO [55] 61.76 +£0.08 77.59 £0.12 - -
RISE [76] 53.22+0.81 69.41 +0.67 67.42 +0.96 82.86 + 0.59
MetaTEDL [43] 60.40 + 0.80 78.00 + 0.60 - -
Metric-based RFPN [27] 67.43 +0.51 83.69 £ 0.43 77.26 £0.45 91.09 +£0.33
ProtoNet [60] 49.42 +0.78 68.20 + 0.66 72.99 +0.88 86.64 +0.51
RelationNet [65] 50.44 +0.82 65.32 +0.70 66.65 +0.91 82.12 +0.63
CAN [26] 63.85 +£0.48 79.44 £ 0.34 - -
AAP2S [47] 64.82 +0.12 81.31 £0.22 77.64 +£0.19 90.43 +0.18
MIFN [17] 65.42 +0.65 80.85 +0.41 48.21 £ 0.60 65.33 +£0.54
TST-MFL [64] 60.42 +0.82 80.03 +0.58 80.79 + 0.84 91.15 £ 0.40
Model-based Baseline + + [4] 53.97+0.79 75.90 + 0.61 69.55 +0.89 85.17 £ 0.50
MGGN [84] 65.73 +£0.52 83.29 +0.37 - -
Negative-Cosine [41] 63.20 + 0.80 80.94 + 0.59 72.66 +0.85 89.40 +0.43
S2M2 [49] 64.93 +£0.18 83.18 £0.11 - -
Augmentation-based Delta-Encoder [57] 69.70 69.80 82.60
Meta Variance Transfer [52] - 67.67 +£0.70 69.61 +0.46 84.1 £0.35
DC [77] 68.57 +0.55 82.88 +0.42 79.56 +0.87 90.67 +0.35
ADC [44] 68.67 +0.21 84.37 +0.11 80.20 + 0.09 91.42 +0.08
H-OT [21] 69.04 +0.29 84.36 + 0.41 80.26 + 0.35 91.45 +0.38
FA-adapter [62] 67.79 +0.42 83.24 +0.28 80.49 90.33
AMMD [73] 70.31 £0.45 85.22+0.29 - -
DDC [3] 69.17 £ 1.25 85.23+0.97 81.47+1.77 90.92 +0.98
Ours 73.34+0.33 87.95+0.25 83.03 + 0.46 94.71 + 0.11
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Table 3

5-way 1-shot and 5-way 5-shot classification accuracy (%) on
tieredlmageNet with 95 % confidence intervals. All results in this
table are reported as provided in the original papers. The num-
ber in bold indicates the best performance, and the second-best is

underlined.
Method 5-way 1-shot 5-way 5-shot
Algorithm-optimized
MAML [14] 51.67 +1.81 70.30 + 1.75
Meta-SGD [38] - -
LEO [55] 66.76 + 0.08 81.44 +0.12
RISE [76] 51.73 +0.90 69.65 +0.74
Boost-MT [30] 69.73 +0.71 84.91 +0.49
Metric-based
ProtoNet [60] 53.42+0.78 72.20 + 0.66
RelationNet [65] 54.44 +0.82 71.32+0.70
CAN [26] 69.89 +0.51 84.23 +0.37
AAP2S [47] 70.83 +0.15 84.15+0.29
MIFN [17] 69.54 + 0.67 84.04 +0.49
RFPN [27] 73.02 +0.50 87.27+0.42
CPN [29] 74.20 +0.20 85.63 +0.30
Model-based
Baseline + + [4] - -
Negative-Cosine [41] 62.33 +£0.82 -
S2M2 [49] 66.80 +0.93 68.03 + 0.40
MGGN [84] 70.12 +0.75 86.53 +£0.95
Augmentation-based
Delta-Encoder [57] 67.83 75.30
Meta Variance Transfer [52] 72.60 +0.30 81.54+£0.25
DC [77] 74.19 +£0.25 87.90 + 0.14
ADC [44] 74.47 +0.10 88.36 +0.15
H-OT [21] 7591 +0.35 89.33 +0.48
FA-adapter [62] 72.86 +0.50 86.60 + 0.32
AMMD [73] 7422 +£0.50 87.55 +0.34
Ensemble FSC [31] 75.49 +0.52 88.38 +0.32
Ours 79.35 +0.12 93.07 +0.33

significantly enhances model performance. It is noteworthy that ap-
plying the Tukey transformation solely to either base classes or novel
classes results in inferior performance compared to not applying it
to both classes, due to a larger discrepancy between the Gaussian-
like distribution and the skewed distribution. The results in the fourth
row demonstrate that the negative calibration sample selection mod-
ule significantly improves model performance by 1.61 % and 3.27 %.
Additionally, the results in the fifth and sixth rows demonstrate that
both distribution calibration and training with generated features sig-
nificantly reduce the mismatch of distributions and align the feature
distributions more closely with the Gaussian assumption.

Ablation studies with different backbones. Table 5 displays the
performance of our model with various pre-trained backbones in 5-way
1-shot classification accuracy on the minilmageNet dataset, demonstrat-
ing that our method is robust across different backbones. We select four
popular backbones: four convolutional layers (conv4) [18], ResNet18

Table 4
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Table 5

5-way 1-shot and 5-way 5-shot classification accuracy (%) on
minilmageNet with different backbones and classifiers. The number in
bold indicates the best performance.

Backbones Classifiers minilmageNet
5-way 1-shot 5-way 5-shot

Conv4 SVM 59.75+0.35 74.37 +£0.30
Conv4 LR 60.42 +0.16 75.56 £0.18
ResNet18 SVM 65.33 +0.23 80.46 +0.36
ResNet18 LR 66.58 +£0.12 81.57 £ 0.40
WRN28 SVM 69.32 +0.21 84.61 +£0.22
WRN28 LR 71.27+0.10 85.35+0.31
WRN28 + Rotation Loss SVM 72.82+0.23 86.66 +0.22
WRN28 + Rotation Loss LR 73.34 +0.33 87.95+0.25

[23], WRN28 [78], and WRN28 trained with rotation loss [49]. To
ensure a fair comparison, we standardize the output dimensions of
all backbones. In conclusion, superior representation learning meth-
ods can significantly improve performance in subsequent classification
tasks. Deeper backbone networks often yield more powerful feature
representations. By incorporating self-supervision techniques into these
backbones, we enhance the robustness of extracted features, leading to
improved classification performance. Additionally, our method demon-
strates improved accuracy when enhancing the cross-entropy-based
classifier with Logistic Regression (LR) [24] compared to Support Vector
Machine (SVM) [8].

Ablation studies for negative calibration sample selection. Fig. 4
presents ablation results on the threshold setting and temporal stabil-
ity of forgetting events. As shown in the left subfigure, increasing the
threshold for selecting negative calibration samples initially improves
5-way 1-shot classification accuracy, which peaks at 20 for CUB and
15 for minilmageNet, before declining. To assess the temporal consis-
tency of forgetting events, we compute the Spearman rank correlation
between the forgetting events observed at epoch 150 and those at earlier
epochs. The middle subfigure shows that the correlation stabilizes after
100 epochs, indicating convergence in forgetting frequency ordering.

Ablation study on the number of generated features per class.
The right side of Fig. 4 examines the effect of increasing the number
of generated features per class on classification accuracy in the CUB
(red) and minilmageNet (blue) datasets for 5-way 1-shot tasks. We ob-
served that when the number of generated features per class exceeds
600 and 700 for the two datasets, respectively, the performance gains
in classification accuracy begin to plateau.

Ablation studies for hyper-parameters. The left side of Fig. 5
shows the 5-way 1-shot classification accuracy under varying power
parameters A in Tukey’s transformation. As A increases, the test ac-
curacy first improves and then declines, with 4 = 0.5 yielding the
best performance. Notably, when A = 1, the transformation preserves
the original feature representations. The right side of Fig. 5 shows
the 5-way 1-shot classification accuracy with different values of the
entropy regularization coefficient y in the optimal transport strategy.

5-way 1-shot and 5-way 5-shot classification accuracy (%) on minilmageNet with different modules. Note that sample selection, and
generated features are abbreviated as S.S. and G.F. in this table. The number in bold indicates the best performance.

Tukey Transformation Negative Calibration S.S. Distribution Calibration Training with G.F. minilmageNet
base class novel class 5-way 1-shot 5-way 5-shot
v v v 72.52 +0.15 85.81 +0.31
v v v v 7234 +£0.22 85.67 +£0.14
v v v v 72.03 +0.52 8523 +£0.26
v v v v 71.73 £0.33 84.68 + 0.44
v v v v 7121 +0.11 83.04 +£0.23
v v v v 70.37 £ 0.42 83.69 +0.30
v v v v v 73.34+0.33 87.95+0.25
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Table 6

5-way 1-shot and 5-way 5-shot classification accuracy (%)
on minilmageNet with different matching distributions. The
number in bold indicates the best performance.

Distribution 5-way 1-shot 5-way 5-shot
None-distribution 59.37 +0.68 81.03 +£0.51
Laplacian distribution 68.55 +0.32 8421 +£0.41
Multimodal distribution 73.05+0.33 87.81 +0.53
Gaussian distribution 73.34+0.33 87.95+0.25

As y increases, test accuracy consistently decreases. Interestingly, y = 0
yields the best performance without exhibiting numerical instability,
confirming that explicit entropy regularization is unnecessary due to the
inherent normalization and stability of the Sinkhorn updates.

Ablation studies for different matching distributions. Table 6
shows an ablation study to compare the effect of different matching
distributions: including non-distribution, Laplacian distribution, multi-
modal distribution, and Gaussian distribution. We leverage two feature
augmentation methods including rotation [58] and scaling [12] as the
different modes of multimodal. Additionally, the mean and variance
of the multimodal distribution are calculated as the average values of
Gaussian distributions across the different modes. The model achieves
the best performance with Gaussian distribution for 5-way 1-shot and
5-way 5-shot tasks, respectively. This demonstrates that the assumption
of feature Gaussian distribution is rational.

Ablation studies for different distance measures. Table 7 shows
an ablation study to compare the effect of different distance measures
in our method: including Wasserstein distance, Kullback-Leibler di-
vergence (KL divergence), and Euclidean distance. We observed that
the accuracy is highest when utilizing the Bures-Wasserstein distance

compared to the other distances due to its ability to accurately capture
the position and geometric shape of pairwise Gaussian distributions of
base and novel classes. Compared with the baseline method proposed
by Yang et al. [77], which uses Euclidean distance, our method signifi-
cantly improves model performance by 0.79 % and 1.79 % on the CUB
dataset.

Robustness across lightweight network architectures. To study
how network architecture affects example forgetting, we compare a sim-
ple CNN and a deeper ResNet18. We track how often each training
example is forgotten (i.e., transitions from correct to incorrect classifi-
cation) and rank examples by this count, designating the least-forgotten
as “unforgettable.” We then assess if the simple CNN identifies the same
unforgettable examples as ResNet18. Using the CNN-based ranking, we
compute precision and recall and consider the top-17 k least-forgotten
examples according to the CNN and measure: Precision: the fraction of
these examples that are also unforgettable in ResNet18; Recall: the frac-
tion of ResNet18’s unforgettable examples that appear in the top-17 k
of the CNN’s list. The results are visualized in Fig. 6 as a precision-
recall curve. We observe a high degree of overlap between the two
curves, indicating strong agreement in the sets of unforgettable examples
identified by both models. This suggests that the intrinsic difficulty of
learning a given example is largely independent of model architecture.
Even a shallow, non-residual network captures similar learning dynam-
ics as a deeper ResNet, particularly in identifying the simplest and most
consistently learnable examples.

Sensitivity to label noise. Furthermore, we evaluate the impact of
label noise on the final few-shot classification performance. As shown
in Table 8, when injecting 5 % and 10 % noisy labels into the sup-
port set, the accuracy degrades by 1.37 %-2.05 %. The relatively small
performance drop indicates that the overall learning framework exhibits
a degree of robustness to moderate label noise.
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Table 7

Neurocomputing 669 (2026) 132432

5-way 1-shot and 5-way 5-shot classification accuracy (%) on minilmageNet with different distance measures. The

number in bold indicates the best performance.

Dataset Bures-Wasserstein distance Euclidean distance KL divergence
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
minilmagenet 7334033 87.95+0.25 71.76 £ 0.63 86.31+0.13 71.88 £ 0.53 86.62 +0.20
tieredimagenet  79.35 +0.12 93.07 + 0.33 78.75 + 0.66 92.33+0.15 78.64 +0.53 92.64 +0.30
CUB 83.03 + 0.46 94.71+0.11 82.24+0.25 92,92 +0.55 82.43 +0.46 91.27 +0.32
1.0 while maintaining acceptable costs. Therefore, our model delivers supe-
RosnotlS rior performance with acceptable overhead on large-scale datasets with
0.8 ® top-17k more samples.
o ® 4.6. Visualization
£ 0.6 -
5 Visualization plays a crucial role in understanding our method. In
= 0.4+ this section, we show the visualization of the adaptive cost function
and the associated transport plan, visualization of generated sam-
0.2 4 ples, distributions of forgetting events across training examples, and
negative/positive calibration samples as follows.
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 4.6.1. Visualization of adaptive cost and transport plan
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Fig. 6. Precision-Recall curve for retrieving ResNet18’s unforgettable examples
using a simpler CNN’s ordering.

Table 8
Effect of random label noise on classification accu-
racy (%) in minilmageNet.

Noise Level minilmagenet

5-way 1-shot 5-way 5-shot
0 % (Clean) 73.34+0.33 87.95+0.25
5% 7270 +£0.18 86.94 +0.29
10 % 71.97 £0.29 85.90 +0.36

4.5. Computational complexity

Chizat et al. [7] compute the time complexity bound of the general
optimal transport (OT) distance between two discrete distributions of
size m as m* log(m)/€> to reach e-accuracy with Sinkhorn’s algorithm. In
this paper, we approximate the OT distance between the distribution P
consisting of B samples for base classes, and distribution Q consisting
of N x K samples for the N-way-K-shot task, with the condition that
B > N x K. Thus, the time complexity for using Sinkhorn’s algorithm to
approximate the OT distance is O(B? log(B)/£2) to achieve -accuracy. In
Table 9, we compare the computational cost of the DC [77], H-OT [21],
and our algorithm on a single NVIDIA TITAN P8 GPU. We observed
that our model’s computational cost lies between that of the DC [77]
method and H-OT [21] across three datasets. While our model incurs a
higher computational cost than the DC [77] due to the introduction of
OT, it is lower than that of H-OT [21] thanks to pre-screening negative
calibration samples. Moreover, our model outperforms both methods

To further examine whether our method can capture the similar-
ity between the base classes and novel classes, Fig. 7(a) depicts the
heatmap of transport probability matrix on a randomly selected task
in minilmagenet, while Fig. 7(b) shows the heatmap of the transport
cost for the same task. We note that the transport probability matrix
between a base class and a novel class is usually larger when their trans-
port cost is smaller. As classes become more similar, the weight value in
the transport probability matrix increases, which can reflect the different
contributions of the base classes. This approach facilitates the transfer of
statistical information from base classes to novel classes in an adaptive
manner.

4.6.2. Visualization of generated samples

In this section, we randomly select a 5-way 1-shot task sampled from
the minilmageNet dataset to visualize the t-SNE [48] representations
of the features generated by our method alongside the ground-truth
distributions. In Fig. 8(a), it becomes evident that the support set con-
sists of only five samples for the 5-way-1-shot scenario, highlighting
the limited data available for training. Fig. 8(b) shows the feature
distributions generated without negative calibration sample selection,
illustrating that adopting an equal distribution transform could result
in negative calibration, which significantly deviates from the ground-
truth distribution, compared to Fig. 8(d). In Fig. 8(c), we can observe
that colors blue and green represent the negative calibration samples
selected by our approach, which are set to undergo no transformation.
The other three samples adopt distribution transformation. As a result,
the distribution of the generated samples closely resembles the ground-
truth distribution. Notably, Fig. 8 illustrates that our method not only
accurately estimates the ground-truth distribution but also effectively
prevents the negative calibrations by negative calibration sample se-
lection in advance, significantly enhancing the model’s generalization
capabilities.

Table 9
Comparison of computational cost when testing 5-way 1-shot and 5-way 5-shot classification tasks, where s denotes seconds.
Dataset DC H-OT Our method
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
minilmagenet 2.34s 8.41s 291s 10.06s 2.73s 8.03s
tieredlmagenet 5.76s 24.61s 9.31s 41.12s 8.12s 32.55s
CUB 2.11s 8.24s 2.60s 11.12s 2.21s 10.18s

10
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Fig. 7. Heatmap of transport probability matrix (a) and transport cost matrix (b) on a randomly selected task on minilmagenet. The lighter the color is, the smaller

the value is.
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Fig. 8. The t-SNE visualization of feature distributions learned by our method and ground-truth distributions on a random 5-way-1-shot task sampled from
minilmageNet. % represents support set features, « in figure (b) represents the generated features without negative calibration sample selection. Note that sample
selection are abbreviated as S.S. a in figure (c) represents the generated features by our method, x in figure (d) represents the features of ground-truth distributions.

5. Analysis and limitations

In this section, we will discuss the applicability and the limitations
of our method.

Applicability of our method. We demonstrate that our model,
which assumes that samples from the same class follow a Gaussian
distribution, achieves strong performance in image classification tasks.
However, while we have not explored the validity of the Gaussian distri-
bution assumption for other datasets, our learning framework is flexible
and can be applied to any distribution, such as Laplacian or multi-
modal distributions. Although our current work is built on a Gaussian
assumption, our framework is adaptable and can be extended to other
distribution types. This assumption allows our method to be applicable
to other image-based computer vision tasks, including object detection,
action recognition, and anomaly detection.

Challenges and limitations of the proposed approach. Although
our model reduces computational overhead through the negative cal-
ibration sample selection strategy, the inclusion of optimal transport
techniques still results in higher computational costs compared to stan-
dard methods. This presents challenges, especially in large-scale datasets
or resource-constrained environments, such as edge devices with lim-
ited computational power. Moreover, the proposed method assumes that
the distribution of each class follows a Gaussian distribution. We ap-
ply Tukey’s Ladder of Powers transformation to reduce skewness and
enhance Gaussian-like properties. While the method has shown effec-
tiveness in computer vision tasks, its applicability to natural language
processing (NLP) remains uncertain due to the distinct characteristics of
each modality. Further research is required to evaluate its performance
in the NLP domain.

Flexible thresholding for negative calibration samples. The
threshold ¢, used to identify negative calibration samples, is em-
pirically determined on a per-dataset basis according to validation
performance, providing a practical balance between stability and inter-
pretability. Nonetheless, a more adaptive strategy, such as a task-specific
or quantile-based thresholding scheme, could further improve general-
izability across diverse datasets. Further research is required to develop
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and evaluate adaptive thresholding mechanisms for negative calibration
sample selection.

6. Conclusion

Building upon the aforementioned observations on calibration shift
and distribution similarity, we propose a distributional fusion frame-
work. First, we systematically delve into the negative calibration issues
and present an approach to mitigate adverse effects on distribution
calibration, facilitating positive transformation gains in the process by
pre-screening negative calibration samples based on the frequency of
forgetting events. Additionally, our method dynamically adjusts the es-
timation of novel class distributions using an optimal transport strategy.
Specifically, we utilize the Bures-Wasserstein distance to accurately cap-
ture the position and shape of pairwise Gaussian distributions of base
and novel classes. The experimental results demonstrate that our method
surpasses the existing state-of-the-art by margins of 2.77 %—4.69 % on
the minilmageNet, tieredimageNet, and CUB datasets.
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