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Abstract

Few-shot learning (FSL) aims to transfer knowledge from known to unknown categories

using limited samples. However, the opaque nature of neural networks makes it chal-
lenging to discern the knowledge learned by the model, and existing methods often lack
explainability, limiting their reliable application in high-stakes fields such as medical di-
agnosis and autonomous driving. To address this, we propose a visually explainable dy-
namic similarity network (VEDSNet), which achieves a balance of performance, explain-
ability, and efficiency through a lightweight architecture (approximately 6.8M parameters,
built on a ViT-Tiny backbone). The Feature Decomposition Module (FDM) generates
fine-grained, semantically meaningful representations via parallel feature learning, pro-
viding intuitive visual insights into the model’s decisions. The Dynamic Metric Module
(DMM) employs a sample-adaptive dual-metric strategy to enhance discrimination with
limited data, switching to a single metric for efficiency when data is sufficient. Experi-
ments on standard datasets demonstrate that VEDSNet achieves high classification accu-
racy while providing clear visual explanations of its decision-making process, making it
suitable for efficient deployment in resource-constrained scenarios.

Keywords: metric learning, attention mechanism, few-shot learning, explainable ai

1 Introduction

Deep learning models have achieved ground-
breaking advances in computer vision [1], but their
exceptional performance often relies on large-scale
labeled datasets. This poses significant challenges
in practical applications, such as medical diagno-

sis [56, 57]. To address data scarcity, FSL, which
significantly reduces dependence on labeled sam-
ples, has gained widespread attention [2]. The core
architecture of FSL typically comprises two com-
ponents: 1) a feature extractor generating high-
dimensional semantic representations, and 2) a sim-
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ilarity metric function computing feature similar-
ity between support and query samples. Existing
FSL methods follow several directions: one en-
hances discriminative features by integrating atten-
tion mechanisms between the feature extractor and
similarity function [3, 4]. However, these meth-
ods often rely on a single low-resolution feature
representation, containing redundant information
that limits the capture of subtle features. Another
approach decomposes features into multiple fine-
grained representations [34] to achieve comprehen-
sive embeddings, improving classification accuracy
but often neglecting model explainability. This lack
of explainability hinders understanding and veri-
fication of the model’s decision-making rationale,
leading to trust issues. For instance, in image clas-
sification, a model may correctly classify a “per-
son holding a dog” as “dog” but base its decision
on human-dog interaction patterns rather than dog-
specific features, raising concerns about generaliza-
tion and reliability in high-stakes domains like med-
ical diagnosis and autonomous driving.

Moreover, feature similarity calculation re-
mains a key challenge in FSL. Many methods
rely on a single similarity metric [41, 34], which,
while efficient, struggles in complex feature distri-
bution scenarios. Dual-similarity networks, such
as BSNet [28], integrate complementary metrics to
improve performance in fine-grained FSL tasks, of-
fering a new perspective for metric learning. The
choice of feature extractor is also critical. Tradi-
tional FSL methods use deep convolutional neu-
ral networks (e.g., ResNet) to extract local fea-
tures and form semantic representations. Recent
approaches introduce innovative architectures like
Vision Transformers (ViT) and Wavelet Attention
Networks (WAN) [5, 6, 7, 8, 9] to capture long-
range dependencies. However, these models of-
ten have large parameter sizes and high computa-
tional costs, posing challenges for deployment in
resource-constrained environments. Thus, select-
ing a lightweight feature extractor while maintain-
ing performance is a pressing research direction in
FSL.

To address these challenges, we propose an
explainable FSL framework, Visually Explainable
Dynamic Similarity Network (VEDSNet), leverag-
ing a lightweight architecture (approximately 6.8M
parameters, built on a ViT-Tiny backbone [10])

to balance performance, explainability, and effi-
ciency. VEDSNet incorporates two key modules:
the FDM and the DMM. The FDM adapts atten-
tion mechanisms to decompose visual features into
fine-grained semantic regions through parallel fea-
ture learning and iterative updates, enabling in-
terpretable visualizations of decision-relevant areas
(Figure 1), where blue areas indicate suppressed
regions and red areas highlight attended regions.
This decomposition reveals the model’s decision ra-
tionale in FSL tasks, validated through controlled
experiments to enhance transparency over exist-
ing methods while preserving computational effi-
ciency within the lightweight VEDSNet architec-
ture. The DMM optimizes existing metric-learning
approaches [28] by dynamically adapting its sim-
ilarity strategy based on sample size. In low-data
regimes, it balances learnable and fixed metrics us-
ing a correlation-based coefficient vy, validated via
ablations to enhance training stability and avoid lo-
cal optima. In data-sufficient scenarios, it switches
to a single efficient metric, reducing computational
complexity. Ablation studies confirm the robust-
ness of y and the K-based switching threshold.
This adaptive strategy, combined with a lightweight
backbone, ensures high classification accuracy and
efficient deployment in resource-constrained set-
tings. The main contributions of this study are sum-
marized as follows:

1. We propose an explainable FSL framework that
achieves strong classification accuracy while
providing qualitative and quantitative insights
into the model’s decision-making process.

2. We propose an end-to-end trainable framework
based on the Vision Transformer, which man-
ages the model’s parameter size and computa-
tional demands while delivering solid perfor-
mance.

3. We propose an FDM that breaks down visual
features into attention-weighted components for
visualization, helping the model focus on rele-
vant regions while preserving classification ac-
curacy.

4. We design a DMM that adjusts its similarity
strategy based on data availability, using dual
pathways to improve discrimination with limited
data and switching to a single pathway for effi-
ciency when data is sufficient.
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Figure 1. FSL using the FDM showing attention visualization across different feature groups. Images are
from the Tiered-ImageNet dataset [18].

2 Related work

2.1 Few-shot learning

Few-shot classification is a key challenge in
deep learning, where the goal is to build a classi-
fier with strong generalization using very limited la-
beled data. In this setting, each class has only a few
training examples, causing traditional deep learning
methods, which rely on large datasets, to perform
poorly. To tackle data scarcity, researchers have
developed various techniques, with metric learning
[11, 12] and transfer learning [13] being particu-
larly effective, as they improve few-shot classifica-
tion performance and domain adaptability. Trans-
fer learning, a well-established approach in FSL,
leverages knowledge from a source domain with
abundant labeled data to enhance model perfor-
mance in a target domain with scarce annotations
[14]. State-of-the-art visual models [15, 16] typi-
cally follow a pre-train then fine-tune” approach:
pre-training on a large-scale dataset like ImageNet-
21k [17], then fine-tuning on smaller target datasets
such as Tiered-ImageNet [18] or CIFAR-FS [19].
To improve knowledge transfer, various fine-tuning
strategies have been proposed. Some methods fo-
cus on classifier-only fine-tuning [20], freezing the
pre-trained feature extractor (e.g., a ResNet back-
bone) and adjusting only the final fully connected
layer. However, this approach depends heavily on
semantic similarity between source and target tasks;
if the tasks differ significantly, transfer effectiveness
decreases. Other methods use parameter-efficient
tuning, inserting lightweight trainable modules into
the pre-trained network [21, 22]. While these re-
duce the number of trainable parameters, they add
architectural complexity and may face limitations
in fine-grained tasks, leading to performance con-
straints. Metric learning methods [23, 24, 25] aim
to create an optimized embedding space where sam-
ples from the same class cluster tightly and different

classes are well separated. Siamese networks [26]
pioneered deep metric learning for few-shot classi-
fication, using a twin-tower architecture and con-
trastive loss to establish a foundation. Matching
Networks [29] introduced attention-based weight-
ing of support samples for an end-to-end k-NN
framework. Prototypical Networks [27] simpli-
fied computation by using class prototypes (mean
embeddings), improving within-class consistency.
Relation Networks [49] advanced this by replac-
ing fixed metrics (e.g., Euclidean or cosine) with
a learnable nonlinear comparator (MLP), better
capturing complex relationships. Recent studies
[28, 48] have shown that a dual-metric mechanism
can enhance performance on fine-grained few-shot
benchmarks, inspiring further exploration in metric
learning. Our method builds on these established
approaches, combining their strengths to achieve
improved discrimination and generalization.

2.2 Explainable ai

Explainable Al methods are generally divided
into two categories: post-hoc explanation methods
and intrinsic explanation methods. Post-hoc meth-
ods typically generate feature importance heatmaps
using backpropagation gradients, such as Layer-
wise Relevance Propagation (LRP), network gradi-
ents, or other attribution techniques [43]. In con-
trast, intrinsic explanation methods embed trans-
parency into the model design. Some approaches
use human-readable structures like decision trees
[44] or attention mechanisms [32], while others
adopt concept-based methods, such as Concept Bot-
tleneck Models [45, 55], or visualize the regions the
model focuses on through activation maps and attri-
bution techniques [46, 43]. In this work, we adopt
an intrinsic explainability approach and propose an
explainable FSL framework, VEDSNet, based on
the self-attention mechanism. It incorporates an
FDM to extract informative and discriminative re-
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gions and a DMM to enhance classification per-
formance. Experimental results show that VED-
SNet achieves strong performance on several few-
shot classification benchmarks while providing vi-
sual explanations that effectively highlight poten-
tial prediction errors, which is especially valuable
in high-stakes domains like healthcare.

3 Model

3.1 Problem definition

Given a dataset for training a few-shot image
classification model, the dataset consists of three
components: a training set Di,in, a support set
Dgupport> and a test set Dyeg. The training set con-
tains independent class spaces where each class is
associated with a large number of labeled image ex-
amples. These classes in Dy, are defined as base
classes Cpase- In contrast, the support set Dgypport
and test set Dieg share the same class space, which
is disjoint from Dyyin. The classes in Dgyppore and
Dyest are defined as novel classes Cpovel. If the sup-
port set contains M novel classes, each with K im-
age examples, this FSL problem is termed an M-
way K-shot learning task. The goal of FSL is to
train an image classification model using Dy,i, and
Dgyppore such that the model can accurately classify
test images from Dy into the novel classes even
when K is small.

3.2 General form of metric-learning-based
method

Euclidean Distance Constraint: dip(u,v) =
llu — vl|2- The Euclidean distance assigns
equal weighting to all dimensions in the feature
space, assuming unit weights for each dimen-
sion. Cosine Similarity Constraint: deos(u,v) =
1 — (u"v)/||ul]||[v]|. Cosine similarity disregards
feature magnitude by normalizing vectors, effec-
tively measuring distances on a unit hypersphere.
Mahalanobis Distance Constraint:  dp(u,v) =
\/(u—v)TZ"T(u—v). The Mahalanobis distance
accounts for feature covariance, but its quadratic
form limits its ability to model non-linear mani-
folds.

3.3 Overview

In this section, we elaborate on the design de-
tails of the proposed FDM and DMM, with the
model architecture shown in Figure 2. We ex-
tract low-level features using a lightweight vision
Transformer structure [10]. The input image Xy €
RIXWX3 where h is the arithmetic square root of H,
is processed through the backbone network to out-
put feature maps Fray € RF*W*C_ To better adapt to
the sequential processing of the FDM, the features
are reshaped to F € RE*W*n<h - Subsequently, the
reshaped features are fed into a 1x1 convolutional
layer, compressing the channel dimension to D, re-
sulting in compressed features f € RP*Wxhxh,

3.4 Feature decomposition module

Then the compressed features are input into the
FDM. To maintain the integrity of the feature space
structure, we generate positional encoding P to pre-
serve spatial information. The features combined
with positional encoding yield enhanced features
Jfpe = f+ p. The initial values for each feature
group are sampled from a normal distribution, and
through expansion operations, L groups of features
S € RBXLXD are generated. This multi-group paral-
lel design enables the model to simultaneously ex-
plore multiple locally optimal regions in the feature
space, as shown in Figure 3.

We use the initialized learnable feature vec-
tors as Query, linear projections of the position-
enhanced features f),. as Key, and the compressed
features as Value. Attention is calculated on each
spatial dimension based on Query and Key, using a
normalization function to obtain:

A=9(Q-K")oe(Q-K") ey

where ¢ is the softmax function that normalizes at-
tention weights across slots to ensure competitive
feature allocation, and € is the sigmoid function
that provides element-wise gating to modulate at-
tention activation strength. The slot representations
are then updated iteratively using the computed at-
tention weights:

S,.1=GRU(V-ATS)) )

The value of S is updated through a GRU
mechanism, which dynamically integrates histori-
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Figure 2. The overall structure of VEDSNet is as follows. In the FDM, input features are replicated into L
copies, which, through parallel processing paths and the application of attention mechanisms, enable the
model to capture diverse feature information. Each copy learns different focus points through self-attention
mechanisms, decomposing complex visual information into explainable components, thereby enhancing
the model’s discriminative capabilities. Subsequently, the aggregated features are fed into the DMM, which
employs different metric strategies based on sample quantities.
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Figure 3. Feature Decomposition Module (FDM).
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Predictions

Figure 4. Dynamic Metric Module (DMM).

cal states with current updates via its gating mecha-
nism. This process is repeated three times (we will
analyze the threshold in section 5.5). Through it-
erative optimization, we obtain the final attention
weights. To further enhance the model’s discrim-
inative capability, we introduce learnable weight
vectors W € REX! in the model to filter attention
for each group effectively. These weight vectors,
through an adaptive learning mechanism, dynami-
cally weigh the attention of each slot, thereby dis-
tinguishing important slots from redundant ones:

a=A-W 3)

where L is the total number of slots, initialized as
an all-one vector. As a quantitative index of feature
importance, the numerical range of the weight coef-
ficient W is significantly related to the direction of
feature activation.

To better perform metric learning, we have done
a few things: the attention weights are divided into
support weights A and query weights A,. Mean op-
erations are performed on Ay and A, along the first
dimension (i.e., the sample dimension), represented
as:

1y .
=Y A 4
a N;S “4)
1y .
9= ) A 5)

where Al and A; are tensors for each sample in A
and A,. The mean operation results in a tensor with
shape (1, C, H, W) (i.e., averaging along the sample
dimension).

Subsequent feature fusion is performed:

_ 1 (i,J) (i)

fs= oW tzj,as F (6)
_ 1 (i) (i)

fa=mw - a4 F @

3.5 Dynamic metric module

This section describes a dynamic hybrid met-
ric learning framework to compute similarities be-
tween feature pairs, as shown in Figure 4. In FSL,
metric learning aims to quantify similarity between
support and query samples. Conventional methods
use fixed metric functions, such as Euclidean dis-
tance, cosine similarity, or Mahalanobis distance, to
compare embedded features. However, these met-
rics rely on specific geometric assumptions, such as
isotropic feature spaces for Euclidean distance or
magnitude invariance for cosine similarity. These
assumptions may not align with the complex, non-
linear feature distributions in real-world tasks, espe-
cially when sample sizes vary, limiting the model’s
ability to capture cross-category or cross-domain
variations.

Using support features f; and query features f;,
from the feature extraction network, we develop
a dual-pathway metric system comprising a geo-
metric constraint pathway and an adaptive learning
pathway. The geometric constraint pathway pre-
serves intrinsic geometric structure via prototype-
based similarity computation:

Iy ! (i.7) £(ij)
Ck—MZ‘{(HW%;as f 8)
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where N; denotes the number of support samples
per class, and k is the class index. A multilayer
perceptron (MLP) extracts high-level feature rep-
resentations from low-dimensional class prototypes
to enhance class discriminability:

Se(fs: fq) = 6(MLPge, (§(Ci))) )

where S, (+) is the geometric constraint metric func-
tion that preserves spatial relationships in the em-
bedding space.

For tasks with high sample complexity, geomet-
ric constraints alone are insufficient to capture task-
specific similarity patterns. The adaptive learning
pathway uses a learnable non-linear metric network
to identify complex relationships in the data:

Sa(fs: fg) = S(MLPuaape ([f5: f4])) ~ (10)

where S, (-) is a non-linear metric network that cap-
tures intricate feature interactions. The support
features f; and query features f, are concatenated
along the channel dimension, forming [f;f,] €
R?C. Task-specific MLPs apply non-linear transfor-
mations to explore cross-modal associations.

To adapt to varying sample complexity and fea-
ture distributions, we introduce a learnable statisti-
cal stability coefficient. The adaptive fusion weight
is computed as:

X . 1 & tchw)
pooled — W Z Z raw (11)
h=1w=1

Y = 6(MLP(LayerNorm(Xpooled))) (12)

where y € [0,1] is a statistical stability coeffi-
cient that reflects feature correlation patterns and
balances the contributions of geometric and adap-
tive pathways. We apply layer normalization to
stabilize feature statistics before computing v, fol-
lowed by a sigmoid activation to constrain Y within
[0,1].

This approach optimizes computational effi-
ciency while maintaining discriminative perfor-
mance. The adaptive metric selection strategy is
defined as:

Se(fs: f2) ifK >3
(13)

We will analyze the threshold in section 5.1.

3.6 Train our model

We introduce a two-stage training paradigm for
the VEDSNet architecture to ensure robust feature
extraction and optimal decision-making. The ini-
tial stage focuses on pre-training the FDM to es-
tablish a reliable foundation for feature representa-
tion. The subsequent stage incorporates the DMM
for end-to-end joint optimization. The training pro-
cess is guided by a composite loss function that in-
tegrates attention regularization with classification
objectives to achieve balanced and effective learn-
ing.

To promote effective allocation of attention
weights, we define the attention loss as follows:

(bt

where Aj;; represents the attention weight associ-
ated with the #-th input position in the /-th slot of
the b-th batch, B denotes the batch size, L signifies
the number of attention slots, 7" indicates the length
of the input sequence (corresponding to the number
of spatial positions in the feature maps), p is a hy-
perparameter that modulates the nonlinearity of the
loss, and G represents the activation function.

P
Ablt)) (14)

HM[\
HMﬂ

The cross-entropy loss serves as the primary
objective for optimizing classification performance.
Within the FSL framework, we leverage ground-
truth labels from the query set to supervise the
model, minimizing the divergence between pre-
dicted and actual label distributions:

ZZyzclog

i=lc=

Ypred)tc) (15)

where yreq denotes the predicted logits, y; . repre-
sents the ground-truth label for the i-th sample and
c-th class, N is the number of query set samples,
C is the number of classes, and G is the activation
function.

The total loss function harmonizes classifica-
tion accuracy and attention regularization through
a weighting hyperparameter A:

Liotal = LeE + A Lagt (16)

This composite loss function ensures that the model
optimizes both discriminative accuracy and atten-
tion coherence effectively.
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This two-stage training approach first stabi-
lizes feature extraction within the FDM during pre-
training, followed by comprehensive optimization
of the DMM in the joint training phase. The care-
fully designed loss function enables VEDSNet to
achieve robust and accurate performance in FSL
tasks, balancing feature discriminability with effec-
tive decision-making.

4 Experiments

This section evaluates the performance of the
proposed VEDSNet framework against state-of-
the-art methods to demonstrate its effectiveness.
Through rigorous experimental analysis, we vali-
date the superiority and robustness of our approach
in FSL tasks.

4.1 Datasets

We conduct experiments on four mainstream
benchmark datasets, including Mini-ImageNet
[29], Tiered-ImageNet [18], CUB-200-2011 [47]
and CIFAR-FS [19]. Mini-ImageNet [29] con-
tains 100 classes randomly divided into 64 base
classes, 16 validation classes, and 20 novel classes,
with each class containing 600 images. Tiered-
ImageNet is divided into 351 base classes (train-
ing), 97 validation classes, and 160 novel classes
(testing), maintaining the independence of super-
class hierarchies during partitioning (i.e., all sub-
classes of the same superclass appear only in the
same group). CIFAR-FS includes 100 classes ran-
domly divided according to standard few-shot parti-
tioning strategies into 64 base classes, 16 validation
classes, and 20 novel classes, with each class con-
taining 600 images. CUB-200-2011 consists of 200
classes divided into 100 base classes, 50 novel val-
idation classes, and 50 novel test classes. There are
approximately 11,788 images.

4.2 Experimental details

This research utilized a computer equipped with
one RTX 4090 GPU (24GB memory). Follow-
ing the practice in most literature, we evaluate our
model on 2,000 episodes of 5-way classification
tasks. These tasks are constructed by randomly se-
lecting five classes from Dy,ge, and then sampling
support set and query set images from these classes,

where the number of samples in the support set is K
=1 or 5, and the number of samples in the query set
is M = 15. We report the average accuracy across
2,000 tasks, each with K x M =75 queries, along
with 95% confidence intervals. We adopt the ViT-
Tiny architecture pre-trained on ImageNet-21k as
the backbone network F,). We remove the clas-
sification head from ViT-Tiny and add dimension
permutation operations, ultimately restoring the se-
quence features into spatial feature maps F, with
the number of feature maps being 320. The model
training is divided into two steps.

Training of the FDM: we pre-train the FDM
with an embedding dimension d = 64 and seven
groups. Images are sampled from subclasses of the
base dataset, and the FDM is trained in a standard
classification task, following the methodology [32].
During this phase, all parameters of the backbone
network F(y) are fixed. The initial learning rate is
set to 10~*, which is reduced to 107 at the 40th
epoch, with training conducted over 60 epochs.

Overall Training of the Model: we perform
end-to-end fine-tuning of the backbone network
Flx), the FDM, and the positional encoding mod-
ule. The backbone and positional encoding param-
eters are optimized with a learning rate of 1075,
while other trainable modules use an initial learn-
ing rate of 10~%, which undergoes a 10-fold de-
cay at the 10th epoch. Training spans 30 epochs,
with each epoch involving 500 5-way task scenar-
ios. We compute training accuracy, training loss,
validation accuracy, and validation loss per epoch,
using the cross-entropy loss function for classifica-
tion. Model performance is evaluated on a valida-
tion set comprising 1,000 task scenarios, and the pa-
rameters yielding the best validation performance
are saved.

The model is implemented in PyTorch with the
AdaBelief optimizer [52]. Input images are resized
to 224 x 224 pixels and augmented via random hor-
izontal flips, affine transformations (rotation £15°,
scaling [0.8,1.0], translation +10%), and Gaus-
sian blur (o € [0,3.0]), implemented using the
imgaug library. Training on the tiered-ImageNet
dataset comprises 500 training and 1000 validation
episodes per epoch, taking approximately 210 min-
utes for 30 epochs. This configuration ensures fair
comparison and reproducibility on standard GPU
hardware.
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Method Backbone Params 1-shot 5-shot

FRNJ[23] ResNet-12 12M 72.06£0.22 86.89+0.14
TPMM[30] ResNet-12 12M 72.24+0.70 86.55+0.63
SUN]I6] VIiT-S 12M 72.99+£0.50 86.74+0.33
SSFormers[31] ResNet-12 12M 72.52+0.25 86.61+0.18
FewTURE]S] Vit-Small 22M 72.96+£0.92 86.43+0.67
MetaQDA[7] WAN-28-10 36M 74.33£0.65 89.56+0.79
CPEA[9] ViT-S/16 22M 76.93£0.70 90.12+0.45
OM|[33] WAN-28-10 36M 71.54£0.29 87.79+0.46
GML[38] ResNet-12 12M 71.09+£0.22 85.08+0.16
SP-GloVe[5] VIiT-T 10M 74.68+0.50 88.64+0.31
SP-SBERT[5] ViT-T 10M 73.31£0.50 88.56+0.32
Ours ViT-Tiny M 76.58+0.39 94.64+0.33

Table 1. Average accuracy with 95% confidence intervals for 5-way tasks on Tiered-ImageNet dataset.

Table 2. Average accuracy with 95% confidence intervals for 5-way tasks on CIFAR-FS dataset.

Method Backbone Params 1-shot 5-shot

MetaQDA[7] WAN-28-10 36M 75.83+0.88  88.79+0.75
SSFormers[31] ResNet-12 12M 74.50£0.21 86.61+0.23
HCTransformers[37] ViT-S 21M 78.88+£0.18 90.50+0.09
FewTURE[S8] Vit-Small 22M 76.10£0.88 86.14+0.64
FewTURE[S] Swin-Tiny 29M 77.76£0.81 88.90+0.59
SP-CLIP[5] ViT 10M 82.18+0.40 88.24+0.32
SUNJ6] ViT-S 12M 78.37+£0.46  88.84+0.32
CPEAJ[9] ViT-S/16 22M 77.82+0.66 88.98+0.45
GML[38] ResNet-12 12M 69.61£0.23 84.04+0.16
SP-SBERT]5] VIiT-T 10M 81.32+0.40 88.31+0.32
SP-GloVe[5] VIiT-T 10M 81.62+0.41 88.32+0.32
Ours ViT-Tiny SM 82.78+0.45 91.71+0.36

Table 3. Average accuracy with 95% confidence intervals for 5-way tasks on Mini-ImageNet dataset.

Method Backbone Params 1-shot S-shot

FRN[23] ResNet-12 12M 66.45+£0.19 82.83%0.13
TPMM[30] ResNet-12 12M 67.64+0.63 83.44+0.43
MetaQDA[7] WAN-28-10 36M 67.83+£0.64 84.28+0.69
SUN]J6] VIiT-S 12M 67.80£0.45 83.25+0.30
SSFormers[31] ResNet-12 12M 67.25+0.24 82.75+0.20
FGFL[35] ResNet-12 12M 69.14+0.80 86.01+0.62
TST_-MFL[36] ResNet-12 12M 60.42+0.82 80.03+0.58
FA-adapter[34] ResNet-12 12M 68.36£0.45 83.44+0.28
GML[38] ResNet-12 12M 65.51£0.20 81.13+0.14
SP-SBERT[5] VIiT-T 10M 70.70+£0.42 83.55+0.30
FewTURE]S] ViT-Tiny SM 67.32+0.41 81.10+0.61
Ours ViT-Tiny SM 70.38+0.47 88.53+0.65
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Table 4. Average accuracy with 95% confidence intervals for 5-way tasks on the CUB dataset. Parameter
counts (Params) are reported as provided in the original papers. For methods where this information is not

T3]

available, the parameter field is denoted as

Method Backbone Params 1-shot 5-shot

SaberNet[42] Swin-4 - 84.25+0.78 92.77+0.45
SRM[41] ResNet-12  12M 83.82+0.18 93.45+0.10
FA-adapter[34] ResNet-12 12M 84.59+0.56 93.43+0.43
FRNJ[23] ResNet-12  12M 83.55+0.19 92.92+0.10
ESPT[40] ResNet-12  12M 85.45+0.18 94.02+0.09
LCCRN[50] ResNet-12  12M 82.97+0.19 93.63%0.10
MCL-Katz[51] ResNet-12 12M 85.11+0.63 93.18+0.35
TDM]|3] ResNet-12  12M 84.36+0.19 93.37+0.10
Ours ViT-Tiny M 84.63+0.47 95.04+0.27

4.3 Experimental results

tion studies.

Specifically, we examined the per-

Tables 1, 2, 3, and 4 present the performance
of our proposed VEDSNet framework compared
to state-of-the-art methods for 1-shot and 5-shot
tasks on the Mini-ImageNet [29], CIFAR-FS [19],
Tiered-ImageNet [18], and CUB-200-2011 [47]
datasets. Our approach demonstrates competi-
tive performance relative to existing FSL meth-
ods while additionally providing interpretable vi-
sual explanations. In contrast to many advanced
methods that rely on large-scale backbone net-
works with extensive parameter counts, our model
employs a lightweight architecture. This effi-
ciency is attributed to the design of our network,
which effectively leverages intrinsic data informa-
tion while maintaining strong generalization capa-
bilities, thereby validating its efficacy in addressing
FSL tasks.

5 Analysis

This section substantiates the efficacy of the
proposed VEDSNet framework through compre-
hensive ablation studies and visual analysis. By
systematically evaluating the contributions of indi-
vidual components and providing interpretable vi-
sual insights, we validate the robustness and effec-
tiveness of our approach in FSL tasks.

5.1 Analysis of dynamically switching
thresholds

To verify the reasonableness of the thresh-
old switching in the DMM, we performed abla-

formance implications of various fixed thresholds
alongside continuous scheduling strategies across
K €{1,2,3,4,5,10} to mitigate potential biases in
threshold determination. These investigations were
conducted on the Tiered-ImageNet dataset to assess
performance in a FSL setting. Consistent with the
primary experiments, we adopted a ViT-Tiny back-
bone architecture and identical training protocols,
employing 5-way classification episodes. Evalu-
ation was based on 2,000 randomly sampled test
episodes, with results reported as mean classifica-
tion accuracy (%) accompanied by 95% confidence
intervals. As shown in Table 5

5.2 Computational efficiency analysis

To assess the FDM, we compared a grouped
structure with an ungrouped baseline. Both con-
figurations maintain identical model sizes and pa-
rameter counts, confirming that the grouped struc-
ture introduces no additional parameter overhead.
The grouped FDM exhibits slightly higher infer-
ence latency compared to the ungrouped base-
line, attributed to the computational cost of co-
ordinating parallel pathways and their integra-
tion. In batch processing, the grouped configura-
tion shows marginally higher average processing
time but demonstrates lower variability, indicating
greater stability. Peak memory usage remains con-
sistent across both configurations, highlighting the
lightweight nature of the grouping mechanism. The
throughput of the grouped configuration is slightly
lower than that of the ungrouped version, consis-
tent with its latency profile. These minor trade-offs
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Table 5. Performance metrics are evaluated for varying values of K to validate the scheduling threshold.
Average accuracy with 95% confidence intervals is reported for 5-way few-shot classification tasks on the
tieredImageNet dataset.

Method K=1 K=2

K=3 K=4 K:S

K=10

Single-Metric
Dual-Metric

63.70£0.43 77.35+0.53 84.25+0.48 93.29+0.45 94.64+0.33 95.77+0.23
76.58+0.39 82.37+£0.78 86.25+0.36 88.77£0.47 90.41+0.39 95.58+0.29

in latency and throughput are offset by the grouped
FDM’s enhanced stability and richer feature repre-
sentations, which are particularly advantageous for
applications requiring high explainability and ro-
bustness in FSL tasks.

5.3 Analysis of metric methods

To thoroughly evaluate the efficacy of the
DMM, we performed extensive ablation studies on
three widely recognized benchmark datasets: Mini-
ImageNet, CIFAR-FS, and Tiered-ImageNet. Fig-
ure 5 presents the outcomes of these experiments,
comparing four distinct configurations: (1) LE,
which relies exclusively on a learnable distance
metric; (2) CO+MLP, which employs a cosine sim-
ilarity metric integrated with a multi-layer percep-
tron; (3) LE&CO, a direct combination of both met-
rics; and (4) Ours, the proposed dynamic hybrid ap-
proach. The results consistently highlight the supe-
riority of our dynamic hybrid method. In the 1-shot
setting, our approach significantly outperforms the
individual metric configurations across all datasets,
yielding notable enhancements in classification ac-
curacy. In the 5-shot setting, our method contin-
ues to demonstrate a robust performance advantage,
underscoring the effectiveness of the dynamic bal-
ancing mechanism in adapting to varying numbers
of support samples. These findings affirm the en-
hanced robustness and generalization capabilities of
our approach in FSL tasks.

5.4 Set number of groups

The number of feature groups, denoted as L, is a
critical hyperparameter in the VEDSNet model. A
smaller L reduces classification accuracy, indicating
the need for a sufficient number of feature groups to
enable effective feature decomposition. Conversely,
an excessively large L leads to training instability
across all datasets. The optimal L must be tuned
for each dataset, with L = 7 often achieving a bal-

ance between discriminative power and stability, as
shown in Figure 6. This sensitivity to L represents a
limitation of the VEDSNet model. The absence of
the FDM (w/o FDM) significantly degrades perfor-
mance, underscoring its importance for robust clas-
sification.

5.5 Effect of recurrent update depth in the
FDM

To examine the impact of iterative updates
within the FDM, we conducted experiments on
the Mini-ImageNet dataset under the 5-way 5-shot
setting, evaluating different GRU update depths
ranging from one to five iterations. Performing
three GRU updates achieved the best balance be-
tween representation refinement and computational
cost. Fewer iterations led to insufficient interaction
among slot states, resulting in less stable concept
separation, while deeper updates produced dimin-
ishing returns and slightly increased overfitting risk.
We found negligible variation in runtime and mem-
ory consumption across different update depths, in-
dicating that the recurrent refinement process adds
minimal computational overhead. Therefore, we
adopt three recurrent updates as the default set-
ting, as it provides consistent performance gains on
Mini-ImageNet without incurring notable computa-
tional or generalization penalties.

Table 7. Effect of GRU update depth (7') in the
FDM on performance and efficiency.

T 1 2 3 4 5

Acc(%) 85.37 86.28 88.53 6553 40.41

5.6 Explainability Analysis

The FDM, which encodes input images into
multiple concept-like feature groups and visualizes
their distinct contributions to decision-making, is a
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Table 6. The performance metrics of the VEDSNet framework’s FDM configurations are systematically
evaluated. Improvements in classification accuracy are primarily attributed to the grouping strategy
employed within the FDM. We report the average accuracy with 95% confidence intervals for 5-way
few-shot classification tasks on the tieredImageNet dataset. The model size, representing the memory
footprint, is quantified to highlight the computational efficiency of the proposed configurations.

Method Accuracy Params Size Latency Batch Time Peak Mem Throughput

Single-Path 90.44+0.30 6.8M 28.14MB  32.96ms 58.10+£1.60  1238.35MB  30.33episodes/sec
Multi-Branch  94.64+0.33 6.8M 28.14MB  33.26ms 58.53£1.68  1238.36MB  30.07episodes/sec
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Figure 6. Ablation study on different layer configurations for few-shot classification accuracy (%). The
blue line represents the 5-shot task, and the red line represents the 1-shot task.
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key component. This section provides a compre-
hensive analysis of the model’s explainability.

5.6.1 Consistency and distinctiveness of feature
groups

VEDSNet is designed to learn disentangled yet
complementary feature groups, each capturing a
specific aspect of the visual structure. As illustrated
in Figure 7, every feature group consistently attends
to semantically coherent regions—such as edge
contours, textures, or chromatic transitions—across
different samples and even across classes. This con-
sistency suggests that each group forms an internal
“concept axis” that remains stable throughout the
dataset, while distinctiveness across groups ensures
that the FDM collectively covers a broad range of
visual semantics. Qualitatively, this behavior re-
sembles human perceptual grouping, where sepa-
rate visual cues are integrated for holistic recogni-
tion.

5.6.2 Concept-Level visualization of feature
groups

The FDM provides explainability at two com-
plementary levels. At the global level, the aggre-
gation of all feature groups produces an object-
centric attention distribution (Figure 8), indicating
that the model has learned to focus primarily on
the main object. This global visualization reflects
how VEDSNet forms a coherent high-level under-
standing of the target category. At the concept
level, each feature group within the FDM acts as
a weighted concept detector that selectively acti-
vates specific semantic components contributing to
the overall recognition. As shown in Figure 9 and
Figure 10, these groups highlight distinct, seman-
tically stable subregions across instances, and their
learned weights determine the relative contribution
of each concept to the final prediction. This mech-
anism enables the model to decompose a complex
object into multiple interpretable parts while main-
taining discriminative focus through the adaptive
weighting process. In this way, the combination
of weighted concept activation and global atten-
tion aggregation yields explanations that are both
structurally grounded and semantically meaning-
ful—demonstrating that VEDSNet’s explainability
arises naturally from its architecture rather than
from post-hoc visualization. While our visual ex-

planations are attention-based, their semantic co-
herence across samples suggests more stable and
interpretable concept attribution.

Impertant - 1
el H - . E

Figure 9. Visualization of the most important
class-level conceptual features for bird species,
showing that VEDSNet consistently attends to the
most discriminative semantic regions—such as the
head, wings, and neck patterns—that define each
category.

Input

Top-3 Group

Figure 10. Visualization of the Top-3 activated
feature groups for each sample, illustrating how
VEDSNet integrates multiple complementary
concept groups that attend to distinct semantic
regions for holistic recognition.

5.6.3 Limitations of the aggregated visualiza-
tion

While the aggregated visualization provides
valuable explainability, it also reveals certain lim-
itations inherent to the current architecture. As il-
lustrated in Figure 11, the model occasionally pro-
duces misleading similarity responses when visu-
ally dominant but semantically irrelevant regions in
the query and support images coincide. In such
cases, the FDM may attend to large texture or
shape patterns that appear visually correlated, caus-
ing the similarity metric to overemphasize superfi-
cial alignments rather than true semantic correspon-
dence. This behavior can lead to incorrect asso-
ciations between distinct object categories, partic-
ularly when the contextual appearance of one ob-
ject partially resembles another under similar vi-
sual conditions. Moreover, the feature groups,
while semantically coherent, may not always ex-
hibit full independence. Overlapping activations
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Figure 7. Feature group visualization shows the explainable decision-making process of the FDM, with
different groups focusing on distinct visual attributes.

Figure 8. Heatmap visualization of feature similarities between support set and query images,
demonstrating local and global similarity distributions used for classification decisions.
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among groups can amplify the influence of ambigu-
ous regions and further compound classification er-
rors in visually complex or cluttered scenarios. Fu-
ture work could address these issues by incorpo-
rating context-aware disentanglement objectives or
contrastive regularization strategies that explicitly
penalize spurious cross-category alignments. Such
refinements would enhance the robustness and reli-
ability of explainability in challenging few-shot set-
tings.

5.6.4 Quantitative evaluation

To evaluate the explanatory characteristics of
VEDSNet, we conducted comparative experiments
against representative explainable Al (XAI) meth-
ods. We assessed not only task performance but
also objective measures of explanation faithful-
ness and stability. For fairness, we used DMM
and ViT-Tiny as the base architectures and ap-
plied established post-hoc XAI techniques on the
same encoders wherever feasible. All methods fol-
lowed matched optimization settings, data splits,
and major hyperparameters. While perfect equiv-
alence across pipelines is difficult in practice, this
protocol aims to reduce confounding from back-
bone choice and training procedure so that differ-
ences more directly reflect the explanation mecha-
nisms. Experiments were run on CUB over 2000
episodes for 5-way 5-shot tasks. Explanation qual-
ity was measured using standard objective met-
rics (e.g., IAUC and DAUC). Results in Table 8
indicate that VEDSNet achieves explanation per-
formance that is competitive with post-hoc base-
lines under the controlled settings. Given the
shared encoders and training configurations, ob-
served gaps in IAUC/DAUC are more likely at-
tributable to differences in the explanation mech-
anisms rather than gross disparities in model capac-
ity; however, residual architectural bias cannot be
fully ruled out. We evaluate the proposed model
using three complementary metrics. Classification
Accuracy measures the model’s discriminative ca-
pability and serves as a baseline indicator of over-
all task performance. To assess the quality of vi-
sual explanations, we adopt two standardized in-
terpretability metrics following Petsiuk et al. [39].
The Insertion Area Under the Curve (IAUC) quan-
tifies how model performance recovers as pixels
ranked by explanation-derived importance are pro-

gressively reinstated, where higher values indicate
stronger alignment between highlighted regions and
decision-critical features. Conversely, the Deletion
Area Under the Curve (DAUC) measures the rate
of accuracy degradation as high-importance pixels
are sequentially removed, with lower scores reflect-
ing more precise localization of discriminative evi-
dence.

Query

= =] =] = [=

Figure 11. Visualization of similarity responses
between query and support images. Correct
matches exhibit high similarity and spatially

consistent attention, while the failure case (fourth
row) demonstrates that visually dominant yet
semantically unrelated regions can cause
misleading similarity activation, resulting in
misclassification.

Table 8. Comparison of different methods on
5-way tasks on Mini-ImageNet dataset.

Method Precision T IAUC?T DAUC |
GradCAM [53] 0.8388 0.5989  0.2286
Score-CAM [54] 0.8252 0.5673  0.2487
Ours 0.8550 0.6291  0.1943

5.7 Comparative Analysis Of Distance
Metrics

We hypothesize that learnable distance metrics
provide robust stability for the VEDSNet model,
while cosine similarity enhances overall classifi-
cation accuracy. To substantiate this hypothesis,
we conducted a systematic comparison of differ-
ent distance metrics to assess their influence on
classification performance, using the learnable dis-
tance metric as a baseline. The evaluation cov-
ered cosine similarity, Mahalanobis distance, and
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Euclidean distance across 5-way 1-shot and 5-shot
tasks on standard FSL benchmarks.

The results, summarized in Table 9, show that
cosine similarity consistently achieves the best per-
formance among all evaluated metrics. This ad-
vantage is attributed to its focus on directional
alignment rather than magnitude, which proves
beneficial in high-dimensional embedding spaces
typical of FSL scenarios. The Mahalanobis dis-
tance demonstrates moderate performance, benefit-
ing from its ability to capture inter-feature corre-
lations, while the Euclidean distance performs the
weakest due to its equal weighting of all feature di-
mensions, which limits its capacity to model the rel-
ative importance of features.

These observations support our design choice
to incorporate cosine similarity within the dynamic
hybrid metric framework of VEDSNet. By dynam-
ically combining the stability of learnable distance
metrics with the discriminative sensitivity of co-
sine similarity, our model achieves a balanced and
robust metric representation, contributing to im-
proved generalization and interpretability in FSL.

Table 9. Different metric methods on the
Tiered-ImageNet dataset.

Method 1-shot 5-shot

Cosine Similarity 76.58+0.39  94.64+0.33
Euclidean Distance 73.83£0.43 92.78+0.36
Mahalanobis Distance 75.97£0.45 93.85+0.33

5.8 Fine-tuning Strategy

To systematically evaluate the impact of differ-
ent training strategies on the performance of the
VEDSNet framework, we conducted a comparative
study between two common fine-tuning paradigms:
(1) Linear Probing, which freezes the parameters of
the feature extractor and the FDM while updating
only the DMM; and (2) Full Fine-Tuning, which
jointly optimizes all network parameters in an end-
to-end manner. As shown in Table 10, the full
fine-tuning approach consistently outperforms lin-
ear probing across both 1-shot and 5-shot settings.
The observed improvement is mainly attributed to
the adaptive refinement of feature representations
enabled by joint parameter optimization.

When the target dataset—such as CIFAR-
FS with its fine-grained classification cate-

gories—differs substantially from the source do-
main (e.g., general classification in ImageNet),
merely updating the classification layer is insuf-
ficient to capture mid-level semantic variations. In
contrast, full fine-tuning enables holistic parame-
ter adaptation, allowing the model to dynamically
recalibrate feature extraction and metric alignment
across all layers, thereby improving generalization
and robustness in FSL scenarios.

Table 10. Two different training strategies on the
CIFAR-FS dataset.

Method 1-shot 5-shot

Linear probe 81.05+0.57 90.43+0.61

Fine-tune 82.78+0.45 91.71+0.36
Conclusion

In this study, we introduce VEDSNet, a model
tailored for explainable FSL classification tasks.
Evaluated on four benchmark datasets—Mini-
ImageNet, CIFAR-FS, Tiered-ImageNet, and CUB-
200-2011—VEDSNet achieves competitive classi-
fication performance relative to established FSL
methods. The FDM is instrumental in enhancing
prediction accuracy by extracting salient informa-
tion from the backbone network, thereby enabling
more precise and discriminative feature represen-
tations. Additionally, the DMM effectively miti-
gates overfitting, contributing to improved classifi-
cation accuracy. Experimental results confirm the
efficacy of these components in delivering robust
and interpretable FSL performance. Moving for-
ward, we plan to extend VEDSNet’s applicabil-
ity to a broader range of real-world data modali-
ties, including video, text, and other heterogeneous
data types, beyond its current focus on image-based
tasks. This expansion aims to enhance the model’s
versatility and performance across diverse applica-
tion domains, further contributing to the advance-
ment of explainable FSL.
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