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Abstract—Few-shot fine-grained image classification aims to
distinguish sub-classes within the same parent class using only
a few labeled support samples. The main challenges arise from
severe background interference and significant pose variations.
Existing methods often rely on external auxiliary models and
fail to mitigate the bias between support and query samples. In
this paper, we propose an end-to-end framework that overcomes
these challenges by reducing background interference and pose
instability. Our approach decouples feature extraction into global
and local branches to enhance foreground regions and suppress
irrelevant background noise. Query features and prototypes are
then calibrated through similarity weighting and cross-attention
to ensure robust matching despite distribution shifts. Moreover,
we introduce a Region Partition Module (RPM) to better address
background noise and a Prototype-Query Calibration Module
(PQCM) that stabilizes class prototypes and aligns query features,
improving matching accuracy. Extensive experiments on three
fine-grained benchmark datasets demonstrate that our model sig-
nificantly outperforms state-of-the-art methods. Code is available
in https://github.com/969553889/TRMModel.git.

Index Terms—Few-shot learning, Fine-grained image classifi-
cation, Background suppression, Feature calibration.

I. INTRODUCTION

Few-shot learning (FSL) [1]-[3] has become a focal point
in computer vision [4], [5] for its ability to enable models to
recognize new concepts from minimal labeled data, mimicking
human learning. Unlike traditional methods, which rely on
large annotated datasets, FSL is well-suited for real-world
scenarios with limited data. Fine-grained image classification
(FGIC) [6], [7] involves distinguishing between sub-categories
within a broader class, which is especially challenging. Anno-
tating fine-grained images requires domain expertise, making
large-scale labeled datasets both time-consuming and labor-
intensive. Consequently, FGIC is a natural fit for FSL. This
paper focuses on the task of few-shot fine-grained image
classification (FS-FGIC) [8]-[11], aiming to recognize fine-
grained objects with minimal training examples.

However, FS-FGIC still remains challenging because fine-
grained categories exhibit high inter-class similarity and dis-
criminative cues are often subtle and localized. Most few-shot
methods follow a metric-learning paradigm, where class pro-
totypes are estimated from only a handful of support samples
and then used to match query instances. Under such scarce
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Fig. 1. Illustration of key challenges in few-shot fine-grained image classifica-
tion: background interference (left), where intra-class samples exhibit diverse
backgrounds while inter-class samples may share similar contexts, and pose

instability (right), where discriminative regions shift across instances, leading
to biased and unstable representations.

supervision, the learned embeddings are easily influenced by
incidental patterns, leading to high-variance and potentially
biased prototypes, as well as incomplete coverage of truly
discriminative regions.

Beyond these intrinsic difficulties, FS-FGIC is further chal-
lenged by background interference and pose instability, which
amplify prototype variance and aggravate support-query distri-
bution shifts. As shown in Fig. 1 (left), images within the same
category can have vastly different backgrounds, while differ-
ent categories may share similar ones. When supervision is
limited, models may rely on misleading contextual cues (e.g.,
textures like water or grass), leading to biased representations.
Fig. 1 (right) demonstrates how pose and viewpoint variations
can shift discriminative regions, making reliance on a single
peak region unstable and prone to missing subtle cues. These
issues also lead to a support-query mismatch, where prototypes
estimated from limited support instances may be skewed by
context or pose, undermining metric matching reliability.

To address these challenges, we propose an end-to-end
framework consisting of a Region Partition Module (RPM)
and a Prototype-Query Calibration Module (PQCM). The
RPM decouples backbone features into global semantic and
local metric branches. The global branch generates pixel-
wise attention maps to enhance the foreground regions, while
the local branch performs peak-background suppression to
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Fig. 2. Overview of the network architecture. The Region Partition Module (RPM) includes Foreground Enhancement (FE), which enhances foreground
features, and Peak-Background Suppression (PBS), which reduces background noise. The Prototype-Query Calibration Module (PQCM) calibrates prototypes
and query features through similarity weighting and cross-attention, improving robustness against distribution shifts. The model is optimized with global and

local loss functions for semantic consistency and metric learning.

reduce irrelevant background noise and highlight more subtle
discriminative features. Building on the refined local features,
PQCM stabilizes the prototypes by applying similarity-based
weighting to reduce the impact of outlier support samples. It
then aligns the query features with the calibrated prototypes
through cross-attention interaction and gated residual fusion,
ensuring reliable matching even in the presence of distribution
discrepancies between the support and query sets. Our main
contributions can be summarized as follows:

o To reduce background interference and enhance fore-
ground features, we propose the RPM, which separates
global and local processing to highlight discriminative
regions and suppress noise.

o To address support-query mismatch, we introduce the
PQCM, which stabilizes prototypes and ensures reli-
able matching through similarity weighting and cross-
attention.

e« We demonstrate the effectiveness of our framework
through extensive experiments on three standard FS-
FGIC benchmarks, showing consistent performance im-
provements over existing methods.

II. RELATED WORK

A. Few-Shot Learning

Existing Few-Shot Learning methods are generally cate-
gorized into optimization-based meta-learning [12]-[14] and
metric-learning [1], [2]. Optimization-based approaches adopt
a “learning-to-learn” paradigm, aiming to acquire a transfer-
able optimization strategy or parameter initialization that facil-
itates rapid adaptation to novel tasks. Conversely, metric-based
methods focus on constructing a discriminative embedding
space. These approaches perform classification by measuring
the similarity between query and support samples, optimizing
the feature space to ensure compact intra-class distributions
and separable inter-class margins.

B. Few-Shot Fine-grained Image Classification

Few-Shot Fine-Grained Image Classification tackles the
recognition of sub-categories exhibiting subtle inter-class dis-
crepancies and significant intra-class variations under data-
scarce regimes. In this challenging setting, irrelevant back-
ground clutter often dominates the similarity measurement,
obscuring the critical discriminative cues required for fine-
grained distinction. Consequently, mitigating background in-
terference has emerged as a pivotal research direction to
enhance feature robustness.

To address this, Zha et al. [15] proposed the Background
Suppression and Foreground Alignment (BSFA) framework,
employing a Background Activation Suppression (BAS) mod-
ule to generate foreground masks. However, BAS relies on
a heuristic mean-value thresholding strategy, which performs
rough filtering and may inadvertently suppress discriminative
cues. Pursuit of higher precision led Wang et al. [16] and Liu
et al. [17] to incorporate external pre-trained saliency detection
models (e.g., BASNet [18] or U2-Net [19]) to explicitly
identify and mask background regions. While these methods
achieve superior performance by leveraging strong saliency
priors, their reliance on external auxiliary models inevitably
limits the framework’s flexibility.

In contrast, we propose the RPM to achieve end-to-end
feature partitioning without external detectors. By suppressing
both background noise and overly dominant peaks, RPM facil-
itates the mining of comprehensive semantic details. Further-
more, the PQCM is introduced to align feature distributions,
ensuring robust metric learning against intra-class variations.

III. METHODS

A. Problem Definition and Overall Framework

The objective of FSL is to acquire transferable knowledge
from a base class set Dy,se, enabling the model to perform
well on a novel class set D,,,,; With limited labeled samples,
where Dpgse N Dpover = . Following the standard FSL



protocol, we adopt the episodic training strategy. During the
meta-training phase, each episode is formulated as an ”N-
way K -shot” classification task, where N classes are randomly
sampled from Dy, .. For each class, the support set contains K
labeled samples, while the query set consists of U samples for
evaluation. During the meta-testing phase, the model is evalu-
ated on D,, 4y Using the knowledge distilled during training.
This evaluation paradigm measures the model’s capability to
generalize to unseen categories.

As depicted in Figure 2, the proposed framework comprises
a backbone network, a Region Partition Module (RPM), and
a Prototype-Query Calibration Module (PQCM). Given the
initial features extracted by the backbone, the RPM decou-
ples them into two parallel branches. The global branch
employs foreground enhancement for semantic classification
and generates a region attention map. Crucially, this map
serves as a pixel-wise guide for the metric branch to per-
form peak-background suppression, enabling the mining of
richer features. Subsequently, the refined metric features are
processed by the PQCM, which calibrates prototype and
query features via Similarity Weighting and Cross-Attention
Interaction mechanisms. The entire network is trained end-to-
end by jointly optimizing the global classification loss and the
local metric loss.

B. Region Partition Module

The Region Partition Module (RPM) is designed to ex-
tract comprehensive features through two collaborative mech-
anisms: Foreground Enhancement (FE) and Peak-Background
Suppression (PBS), as illustrated in Figure 3. Both mecha-
nisms share a pre-processing block gy that includes two con-
volutional layers. Let F' € RE>*H#*W denote the input feature
from the backbone, where C' is the number of channels, H and
W are the height and width of the feature map, respectively.
We first refine it to obtain F' = go(F) € RE*H*W which
serves as the common input for both branches.

1) Foreground Enhancement: The FE branch primarily
aims to construct a robust global representation and generate
a precise pixel-wise attention map to guide the subsequent
PBS branch. To capture discriminative textures and shapes
effectively, we first aggregate channel-wise statistics using
Channel-wise Average Pooling (CAP) and Channel-wise K-
Max Pooling (CKMP). These statistics are concatenated into
a unified descriptor F.To capture spatial contexts at different
scales, this descriptor is processed by two parallel convolu-
tional layers with kernel sizes of 3 x 3 and 5 x 5. The outputs of
these two branches are then element-wise summed to produce

the final attention map A € R *HxW:
F' = Concat[CAP(F), CKMP(F)], (1)
A=oc (COHVgxg(F) + COI‘IV5><5(F)) 5 (2)

Here, o(-) denotes the Sigmoid activation function. Utilizing
the learned attention map A, we explicitly enhance the fore-
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Fig. 3. The structure of Region Partition Module (RPM). RPM consists of
a Foreground Enhancement (FE) branch and a Peak-Background Suppression
(PBS) branch: FE strengthens foreground-aware responses, while PBS sup-
presses background noise and over-peaked activations to obtain refined local
features.

ground regions via a residual connection to obtain the global
feature Fjopq, € REHXW:
Fglobal:F+A®F~ (3)
2) Peak-Background Suppression: In fine-grained scenar-
ios, the salient regions of the same species often vary signifi-
cantly due to diverse backgrounds and poses. Under the few-
shot setting with extremely limited data, the model is prone to
overfitting to specific prominent patterns or being misled by
irrelevant background noise, leading to poor generalization on
novel classes. To address this, the model must look beyond the
salient peaks and mine more subtle discriminative cues. The
PBS branch utilizes the attention map A to partition spatial
features into three regions: background, peak, and mid-region.
We construct a spatial weight mask W based on the statistical
distribution of A:

0, if A;; <mean(A)
0.5, if A;; >~ -maz(A) 4)
1.0, otherwise.

W, ; =

where v is a hyperparameter used to control the degree of
suppression.

Specifically, we construct a spatial weight map W to
perform relative suppression. We set W = 0 on back-
ground regions so that these activations receive no residual
amplification, while assigning W = 0.5 to peak regions to
moderate their residual boost. The remaining regions are kept
at W = 1, allowing informative but less salient cues to
be enhanced consistently. In this way, background responses
are suppressed in relative importance compared with the
amplified foreground regions, and overly dominant peaks are
prevented from monopolizing the representation. Finally, the



local feature Fj,cq; € RE*H*W s refined through a weighted
residual connection:

Flocal:F+W®F- )]

C. Prototype-Query Calibration Module

Although the RPM reduces background interference, the
distribution discrepancy between support and query features
remains a critical challenge. To address this, we propose
the Prototype-Query Calibration Module (PQCM). First, we
apply Global Max Pooling (GMP) to the refined local feature
maps Fj,.q; generated by the RPM to obtain feature vectors.
These vectors are then organized into a support feature set
FS = {fi,j}?ifj:l and a query feature set F¥, where N
is the number of classes and K is the number of shots. As
illustrated in Figure 4, the PQCM processes these features
through two sequential steps: Similarity Weighting and Cross-
Attention Interaction.
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Fig. 4. The structure of Prototype-Query Calibration Module (PQCM). PQCM
constructs similarity-weighted prototypes and calibrates query features via
cross-attention, yielding robust representations for metric matching.

1) Similarity Weighting: The small size of the support set
makes class prototypes highly sensitive to outliers: a single
atypical instance can distort the class center and degrade sub-
sequent matching. To dampen this effect, we assign an adaptive
weight to each support sample based on its average similarity
to the remaining samples of the same class. Specifically, for
the i-th class, we assign a confidence score to every support
feature f; ;. The raw confidence of the j-th sample is defined
as the average cosine similarity between this sample and the
remaining K — 1 support samples in the same class:

UT”U

[ull2vll2”

(6)
where ||-||2 represents the L2-norm. These scores are then nor-
malized to form a probability distribution using the Softmax
function:

ZCOS fl,]?fl k)

k#]

Wi = cos(u,v) =

exp(pi ;)

_ OXPUhi) %)
Sy exp(pie)

i =

Using the normalized weights, a robust calibrated prototype
P; for class ¢ is obtained by the weighted summation:

K
Pi=> fiij fij ®)
-

For 1-shot episodes, we set the weight to 1 and the prototype
equals the only support feature.

2) Cross-Attention Interaction: After obtaining the cali-
brated prototypes, denoted as P € RV*C we introduce a
Cross-Attention mechanism to align the query features with
these prototypes. This step facilitates the transfer of semantic
context from the prototypes to the queries, effectively high-
lighting features relevant to the target classes. We project
the query feature set F'? and the prototype P into the
query (Q,), key (K,), and value (V,) subspaces via linear
projection. We then compute the attention matrix to capture the
semantic correlation between queries and prototypes, which is
subsequently used to aggregate the contextual information Z:

T

Z = Softmax (Q“K“ ) Vas )
VD

where D is the number of channels after projection.

To adaptively fuse this context with the original features, we
employ a gating mechanism. The original query features F'9
and the aggregated context Z are concatenated and processed
by a Multi-Layer Perceptron (MLP) to generate a modulation
gate GG. The final calibrated query features FQ are produced
via a residual connection:

G = o (MLP (Concat[F?, Z])), (10)

(1)

Following the operations of the RPM and PQCM, we obtain
three key components: the global feature Flgop, from the
RPM’s global branch, which preserves rich semantic informa-
tion, and the calibrated prototypes P along with the calibrated
query features £'9 from the PQCM.

FC=F?1+GoZ

D. Objective Function

During the training phase, given an N-way K-shot fine-
grained recognition task 7, the model processes a batch of
samples comprising both the support and query sets. Let

= {z;}M, denote the set of all samples in the current
eplsode, where M is the total number of images (i.e., M =
N(K 4 U)). Each sample z; is associated with two types of
labels: a global label y¢ € {1,2,...,|Dpase|} corresponding
to the actual category in the base set, and a local episodic
label y! € {0,1,...,N — 1} representing the relative index
within the current episode. We optimize a joint objective to
simultaneously learn generalizable semantic representations
and discriminative fine-grained metrics.

To encourage the feature extractor to learn robust and
discriminative semantic patterns, we introduce a global classi-
fication branch during training. This branch is supervised by a
cross-entropy objective over the base-class label space, which
enhances inter-class separability and provides stable semantic



TABLE I
PERFORMANCE COMPARISON ON CUB, DOGS, AND CARS DATASETS. BOLD INDICATES THE BEST PERFORMANCE UNDER THE SAME BACKBONE.

Method Backbone CUB Dogs Cars
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

ProtoNet (NeurIPS’17 ) [1] Conv-4 51.78 £ 093 7472 £ 0.69 41.60 £ 0.82 5698 + 0.75 4638 £0.79 64.58 + 0.67
Relation (CVPR’18) [2] Conv-4 60.50 + 0.51 75,50 4042 4735 £ 088 66.20 & 0.74 46.04 £ 091 68.52 + 0.78
FRN (CVPR’21) [20] Conv-4 69.45 + 049 85.16 & 0.33 4937 £ 020 67.13 £ 0.17 5890 £ 0.22 79.65 + 0.15
OLSA (MM’21) [21] Conv-4 73.07 £ 046 86.24 & 0.29 5553 £ 045 71.68 £ 0.36  70.13 £ 048 84.29 + 0.31
TOAN (TCSVT’22) [22] Conv-4 6534 +£ 0.75 8043 £0.60 4930 £0.77 67.16 2049 6590 £ 0.72 84.24 + 0.48
MLSO (TMM’22) [23] Conv-4 68.21 = 0.78 82.18 =047 5562 £0.58 7198 £ 0.71 67.83 £ 0.63 84.83 + 0.48
BSFA (TCSVT’23) [15] Conv-4 59.40 + 0.97 7442 £ 0.62 49.13 £ 0.84 63.27 £ 0.73 56.06 £ 0.89  73.28 4+ 0.68
BAMM (ESWA’24) [24] Conv-4 68.55 + 1.12  84.77 £ 0.79 5576 £ 1.11  72.59 4+ 0.88 63.38 £ 1.09 84.42 + 0.84
RSaD (TMM’24) [17] Conv-4 71.15 £ 092 84.03 £0.62 5942 £ 095 7530 & 0.69 6543 £ 129 81.75 + 0.88
Ours Conv-4 7498 + 049 86.56 + 0.33 68.04 = 0.49 82.68 + 0.30 74.15 + 0.46 87.22 + 0.29
ProtoNet (NeurIPS’17) [1] ResNet-12  63.44 £ 0.56 83.17 £ 0.35 41.61 £ 050 76.78 & 0.36  45.01 049 87.19 £ 0.31
DN4 (CVPR’19) [25] ResNet-12 6495 £ 099 83.18 £ 0.62 49.70 £ 0.85 71.59 £ 0.68 75.79 4+ 0.84 94.14 £ 0.35
OLSA (MM’21) [21] ResNet-12 7777 £ 044  89.87 + 0.24 64.15 £ 049 7828 £ 0.32 77.03 & 046 88.85 £ 0.46
TOAN (TCSVT’22) [22] ResNet-12  66.10 £ 0.86  82.27 + 0.60 49.77 £ 0.86 69.29 + 0.70 7528 & 0.72  87.45 £ 0.48
AGPF (PR’22) [26] ResNet-12 7873 £ 0.84 89.77 & 047 7234 £0.86 84.02 = 0.57 85.34 & 0.74 94.79 £ 0.35
BSFA (TCSVT’23) [15] ResNet-12 8222 £ 0.85 90.49 4+ 047 69.62 092 8250 + 0.58 89.42 &+ 0.68 95.36 + 0.36
RSaD (TMM’24) [17] ResNet-12 8245 £ 0.79 92.02 4+ 044 7375 £ 093 86.65 = 0.54 87.27 &£ 0.70  95.01 £ 0.49
RaPSPNet (PR’24) [27] ResNet-12  73.47 £ 0.75 88.57 = 0.63 6146 £0.82 7873 £ 0.62 78.84 & 0.69  93.79 + 0.49
Ours ResNet-12 8292 + 043 91.26 & 0.27 79.65 + 045 89.99 + 0.25 88.42 £+ 0.36  95.09 £ 0.19

guidance for representation learning. Given the global feature
map F, ., produced by the RPM for the i-th training
sample, we apply Global Average Pooling (GAP) followed
by a linear classifier W, to predict its global label y7. The
global classification loss is defined as:

M
_ f% Z log (SoftmaX(Wc GAP (ngwbal))y_g> :

= (12)
where () g denotes the predicted probability of the ground-
truth class yJ. Note that the global branch is only used
for training supervision and is discarded during inference,
introducing no additional test-time cost.

Eglobal

In parallel, to enable few-shot recognition, we minimize the
local metric loss based on the nearest-neighbor classification
of query samples. Given the calibrated prototypes P and the
calibrated query features F@Q, the local metric loss is defined
as:
exp(T - cos(FZ 2 Pi))

SN explr - cos( F2. P
(13)

»Clocal =

N
i=1 j=1

where 7 is a learnable temperature scaling factor.
Finally, the total objective function is a weighted sum of
the global semantic loss and the local metric loss:

Etotal = )\Elocal + Eglobala (14)
where ) is a hyperparameter controlling the contribution of the
few-shot metric objective. During inference, the global branch
is discarded, and recognition relies solely on the metric derived
from the calibrated features.

TABLE 11
ABLATION STUDY OF DIFFERENT COMPONENTS USING CONV-4
BACKBONE ON CUB AND DOGS DATASETS. BOLD INDICATES THE BEST

PERFORMANCE.
CUB Dogs
Baseline RPM PQCM
1-shot  5-shot  1-shot  5-shot
v 69.47 82.76 56.33 71.61
v v 72.09 85.48 65.23 80.84
v v 72.45 85.03 61.67 77.45
v v v 7498  86.56 68.04 82.68
TABLE IIT

ABLATION STUDY OF THE GLOBAL LOSS Lgjopq1 USING CONV-4
BACKBONE ON CUB AND DOGS DATASETS. BOLD INDICATES THE BEST

PERFORMANCE.
c CUB Dogs
glebal 1-shot 5-shot 1-shot 5-shot
X 72.60 £ 0.53 8437 £ 034 6463 £0.52 79.52 £ 0.33
v 7498 + 0.49 86.56 + 0.33 68.04 + 0.49  82.68 + 0.30

IV. EXPERIMENTS

We evaluate our method on three widely recognized bench-
marks for few-shot fine-grained image classification: CUB-
200-2011 [28], Stanford Dogs [29], and Stanford Cars [30].
For all datasets, we strictly adhere to the data splitting protocol
proposed in FRN [20]. CUB-200-2011 (CUB) is a seminal
benchmark comprising 11,788 images of 200 bird species. To
ensure a strictly fair comparison, we utilize raw images ex-
clusively, avoiding any reliance on human-annotated bounding
boxes. Stanford Dogs (Dogs) presents a challenging scenario
with 20,580 images across 120 dog breeds. Furthermore, we
employ Stanford Cars (Cars), which contains 16,185 images



TABLE IV
ABLATION STUDY OF THE PROPOSED RPM ACROSS DIFFERENT FEW-SHOT
LEARNING FRAMEWORKS USING CONV-4 BACKBONE ON CUB AND DOGS

TABLE VI
THE INFLUENCE OF THE HYPERPARAMETER 7y USING CONV-4 BACKBONE
ON CUB AND DOGS DATASETS. BOLD INDICATES THE BEST

DATASETS. PERFORMANCE.
CUB Dogs CUB Dogs
Methods
1-shot S-shot 1-shot S-shot 7 1-shot 5-shot 1-shot 5-shot

ProtoNet [1] 51.78 74.72 41.60 56.98
ProtoNet+RPM  62.98(+11.20)  81.93(+7.21)  53.25(+11.65) 74.29(+17.31) 06 7422+ 049 8588 +£033 6647 £049 81.27 + 0.32
Relation [2] 50,50 7550 35 690 0.7 7440 £049 86.19 £ 032 66.80 £ 049 81.77 £+ 0.30

¢ation : - : 0.8 74854+ 049 8641 £0.32 6696+ 049 81.72 & 0.31
Relation+RPM  64.92(+4.42)  80.25(+4.75)  54.78(+7.43)  73.86(+7.66) 09 7498 L 0.49 8656 L 033 6804 L 049 8258 & 0.30
FRN [20] 69.45 85.16 49.37 67.13
FRN+RPM 73.49(+4.04)  86.18(+1.02)  64.75(+15.38)  80.65(+13.52)

Conv-4 ResNet-12

TABLE V
ABLATION STUDY OF REMOVING THE SIMILARITY WEIGHTING IN THE
PQCM USING CONV-4 BACKBONE ON CUB AND DOGS DATASETS. BOLD
INDICATES THE BEST PERFORMANCE.

CUB Dogs
Similarity Weighting
1-shot  5-shot  1-shot 5-shot
w/o 74.06  85.88 6646  80.47
w/ 7498 86.56 68.04  82.68

representing 196 car models, to extend our validation to rigid
objects.

A. Implementation Details

To ensure a fair comparison with state-of-the-art meth-
ods, we employ two widely adopted backbones, Conv-4 and
ResNet-12, with an input resolution of 84 x 84. During
the training phase, we utilize standard data augmentation
techniques including random cropping, horizontal flipping,
and color jittering. We optimize the model with SGD, using
Nesterov momentum set to 0.9, an initial learning rate of
0.1, and weight decay set to 5e-4. For evaluation, we strictly
follow the standard 5-way 1-shot and 5-way 5-shot protocols,
selecting the model with the best validation performance for
final testing. All reported results are averaged over 2,000
testing episodes with 95% confidence intervals.

B. Comparison with State-of-the-Arts

We compare our proposed method with a number of state-
of-the-art methods, including general FSL methods (e.g., Pro-
toNet [1] and FRN [20]) and specialized FS-FGIC methods
(e.g., BSFA [15], RSaD [17], and RaPSPNet [27]). The
performance evaluation is conducted on three fine-grained
benchmarks, as summarized in Table 1.

The upper part of Table I documents the accuracy compar-
ison using the Conv-4 backbone. Our method demonstrates
significantly superior performance in the I-shot condition.
Specifically, compared to BSFA, which also employs back-
ground suppression and introduces additional global category
labeling, our method achieves remarkable improvements of
15.58%, 18.91%, and 18.09% on the CUB, Dogs, and Cars
datasets, respectively. The lower section of Table I presents
results with the deeper ResNet-12 backbone. Consistent with
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Fig. 5. Sensitivity analysis of the hyperparameter A on Conv-4 (left) and
ResNet-12 (right) backbones. The results indicate that the model performance
remains robust across a wide range of A values.

Conv-4, our method remains highly competitive, particularly in
1-shot scenarios. While we rank slightly below RSaD on CUB
(5-shot), this is attributed to its saliency-based masking, which
benefits significantly from multiple support samples to refine
target regions. Similarly, our slight disadvantage against BSFA
on Cars stems from the dataset’s rigid, artificial nature, which
limits the efficacy of our abstract semantic mining. Neverthe-
less, across all benchmarks, our method exhibits significantly
more stable and consistent state-of-the-art performance.

C. Ablation Experiment

To further validate the effectiveness of the proposed mod-
ules and justify the rationale behind their specific design
choices, we conduct extensive experiments and analyses.

1) Ablation study of submodules: As shown in Table II, we
evaluate the impact of our proposed modules on the CUB and
Dogs datasets. Both RPM and PQCM individually improve
the baseline, and their combination yields a significant further
boost. This validates that RPM enhances semantic mining
by suppressing background and peak regions, while PQCM
effectively alleviates the support-query distribution bias via
dual-end calibration.

2) Ablation study of global loss: To evaluate the contri-
bution of the global loss Lgiope; in our joint optimization,
we conduct an ablation study on CUB and Dogs datasets.
As shown in Table III, removing Lgiopq; leads to consistent
performance degradation under both 1-shot and 5-shot settings.
This indicates that L0 provides stable semantic supervi-
sion during training, encouraging more reliable foreground-
related representations and discriminative cues, which further
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Fig. 6. Visualization of the discriminative regions captured by Baseline and our method (Ours). Our method reduces background distraction and focuses on
the most discriminative regions, enabling more reliable fine-grained classification.

benefits the subsequent metric learning and prototype-query
matching.

3) Ablation study of RPM: To verify the scalability of
RPM, we integrate it into three classic few-shot learning
frameworks. RPM consistently improves performance on both
CUB and Dogs datasets under 1-shot and 5-shot settings.
These gains come from the synergy of its two branches,
which emphasize discriminative regions while suppressing
background noise, making RPM easy to drop into existing
methods.

4) Ablation study of similarity weighting in the PQCM:
We conduct ablation experiments with (w/) and without (w/o0)
similarity weighting. The results, shown in Table V, demon-
strate that similarity weighting effectively mitigates the impact
of outliers to yield more robust prototypes. Consequently, this
facilitates more precise calibration of query features, leading
to improved model performance.

5) The influence of \: To investigate the impact of the
hyperparameter A\, we evaluate the model performance on the
CUB dataset across various values. As shown in Fig. 5, as A
increases, the classification accuracy exhibits a trend of first
rising and then declining. Notably, the optimal A differs by
architecture: the shallower Conv-4 backbone peaks at A = 0.8,
while the deeper ResNet-12 favors A = 0.4. This is because the
shallow extractor has a weaker representational capacity and
struggles to effectively explore inter-category relationships.
Consequently, we set A to 0.8 and 0.4 for Conv-4 and ResNet-
12, respectively.

6) The influence of ~y: To investigate the impact of the
hyperparameter -y, we evaluate our method with varying values
as summarized in Table VI. The results indicate that a small
v leads to excessive suppression of feature maps, causing the
loss of valuable discriminative information. In contrast, the
model achieves optimal classification accuracy in both 1-shot
and 5-shot scenarios when 7 is set to 0.9.

D. Visualization

To validate our method, we visualize the discriminative
regions in Fig. 6. While the baseline tends to focus on diffuse
object outlines or irrelevant background clutter, our method
precisely localizes the finest discriminative details, such as bird
beaks, dog mouths and car lights. This confirms our model’s
capability to filter noise and mine robust semantic features.

V. CONCLUSION

This paper proposes an end-to-end FS-FGIC framework
to counter background interference and pose variations that
shift discriminative parts, which otherwise amplify prototype
variance and intensify support—query distribution shifts. Our
method combines a Region Partition Module (RPM) and a
Prototype—Query Calibration Module (PQCM): RPM learns
pixel-wise attention for foreground enhancement and applies
peak—background suppression to filter clutter while encour-
aging richer local cue mining. PQCM then builds similarity-
weighted prototypes and calibrates query features via cross-
attention with gated fusion, improving metric matching un-
der distribution mismatch. Experiments on three fine-grained
benchmark datasets show the superior classification perfor-
mance of the proposed method to the state-of-the-art methods.
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