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Abstract—Few-shot object detection (FSOD) addresses data
scarcity by learning to detect novel classes from limited ex-
amples. Meta-learning has advanced FSOD by enriching class-
level representations from scarce support data. However, existing
representative methods that improve robustness via distributional
feature modeling still face critical bottlenecks: large inter-class
bias, weak support—query interaction, and limited generalization
capability of the detection head. To address these issues, we
propose a Hierarchical Self-Calibrating and Synergistic Feature
Aggregation framework. It integrates four calibration stages: 1)
centroid-driven feature calibration to suppress intra-class vari-
ance; 2) self-attentive Variational Auto-Encoder with Hellinger
prior for more reliable class distributions; 3) lightweight bidi-
rectional support—-query attention for mutual adaptation; and
4) adaptive prediction logic calibration. To our knowledge, this
work is among the first meta-learning-based FSOD frameworks
that enable end-to-end collaborative optimization across feature,
distribution, interaction, and decision levels. Comprehensive
experiments on the PASCAL VOC and MS-COCO benchmarks
demonstrate that our model achieves state-of-the-art performance
among meta-learning methods, achieving superior performance
with only a minor increase in parameters.

Index Terms—few-shot object detection, meta-learning, feature
calibration, variational auto-encoder, cross-attention.

I. INTRODUCTION

Few-Shot Object Detection (FSOD) recognizes novel object
categories with minimal supervision, reducing annotation de-
pendence. Unlike traditional detectors like Faster R-CNN [1]
and YOLO [2] that require large annotated datasets, FSOD
uses a two-stage strategy: base-class pre-training and few-
shot fine-tuning. Recently, meta-learning serves as a dominant
framework, transferring knowledge from base tasks to novel
classes with few examples. Despite progress, it still faces
challenges including domain gaps, insufficient modeling of
intra-class variation, and unstable few-shot optimization.

Early meta-learning methods such as FSRW [3] and Meta
R-CNN [4] realign support and query features at the Rol
level, yet typically ignore cross-class interactions and intra-
class variance. Subsequent approaches like VFA [5] improve
robustness by encoding support features as Gaussian distribu-
tions and sampling via variational aggregation. Nevertheless,
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Fig. 1. The t-SNE visualization of support-set Rol features: top row shows
10-shot (left) and 30-shot (right) features; bottom row shows the same features
after transformation.

representing categories by averaging few samples remains
suboptimal, and modeling distributions via simple networks
with KL constraints often proves insufficient.

Attention mechanisms aim to leverage support information
for prediction calibration in few-shot detection [6]. Yet, in
extreme few-shot scenarios (e.g., 1-shot), they often struggle
with limited information and become overly reliant on the
support prototype, harming generalization [7]. Recent meth-
ods like FSAD address this underfitting via cross-attention
and adversarial decoupling, boosting 1-shot performance [8].
However, such designs can create excessive support-query
coupling as shots increase, leading to unstable performance
and underscoring the need for dynamically adaptive inter-
action. Calibration strategies in FSOD fall into two groups:



feature-level calibration [6], [9], which enhances representa-
tion robustness and reduces noise [10], and prediction-level
calibration, which rectifies classifier bias from limited samples
[11], [12]. Although effective, these are typically studied in
isolation. Recently, the Dual Calibration method [13] unifies
both within a Faster R-CNN framework, achieving strong
results, but it is incompatible with episode-based meta-learning
and lacks dynamic support-query interaction.

To overcome these limitations, we propose a Hierarchical
Self-Calibrating and Synergistic Feature Aggregation (HSC-
SFA) framework. Our principal contributions are fourfold:

1) Proposing a Centroid-Driven Feature Calibration (CFC)
module that reduces feature noise and mitigates base-
novel distribution overlap;

2) Attentive Variational Auto-Encoder (A-VAE) enhances
variational aggregation with self-attention and Hellinger
constraints, modeling support features into robust, shot-
adaptive distributions;

3) Synergistic Support-Query Attention (SSQA) mechanism
enabling mutual adaptive refinement between support and
query features, surpassing unidirectional alignment;

4) Adaptive Logic Calibration (ALC) module that fuses co-
sine similarity with original logits to rebalance detection
confidence.

II. METHOD

The HSC-SFA framework (Fig. 2) achieves hierarchical
adjustments to support features and query features within
a meta-learning framework. The core components of this
framework are elaborated in the following sections.

A. Centroid-Driven Feature Calibration

Meta-learning-based few-shot detectors are prone to noisy
backbone features. To mitigate feature noise caused by intra-
class variations in few-shot settings, we propose a Centroid-
Driven Feature Calibrator (CFC) module. Unlike standard
normalization, CFC couples support-informed centroids with
local, soft-assigned contraction to suppress noise and tighten
class clusters. Concretely, CFC operates in three stages:

Centroid Formation: We maintain a set of global learnable
centroids C&°%al = {¢; }IV € RN*P shared across episodes.
For each episode, support prototypes are computed as:

1
Pe = 57 > Froi(xi) (1)

1€S.

where S, denotes the support set for class c. Task-specific cen-
troids are formed via concatenation: C = Concat(Ce&°>! P).

Soft Assignment and Momentum Update: The input feature
X € RBXPxHXW g flattened to ):( € RBXMXD yith

M = H x W. For each feature vector X;, we compute cosine
similarity to all centroids:

Xi~Cj

Sij= )
TIXl el

A soft assignment weight is computed over the top-K cen-
troids N;:

€XpPlSi,i/T
o = . OP(s1/7) .
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Global centroids are updated via weighted momentum:
M <
im1 Wik " X
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where ao = 0.1 is the momentum coefficient.
Contraction Calibration: The weighted displacement vector
is computed as:

N+K N
Ai = Z wm-(cj — Xz) (5)
j=1

Then, the calibrated feature is obtained via:
Xgalib = ReLLU (Xi +B-A;-exp (—VHAzH%/D)) (6)

where f = 1.0 controls contraction strength and v = 1.0
modulates distance sensitivity. The output is reshaped to the
original spatial dimensions.

CFC enhances task adaptation via support-informed cen-
troids and reduces feature variance through distance-aware
contraction, improving robustness in few-shot detection.

B. Self-Attentive Variational Feature Aggregator

While Variational Auto-Encoder (VAE) has been widely
adopted to model support feature distributions [5], standard
formulations suffer from two critical limitations in FSOD:
neglecting channel-wise dependencies in feature encoding;
posterior collapse induced by KL divergence regularization. To
address these, we enhance the VAE with two complementary
mechanisms.

Channel-Wise Self-Attention: Support Rol features ex-
hibit heterogeneous discriminative power across channels,
and redundant channels can degrade distribution model-
ing—particularly critical for FSOD with limited support sam-
ples. We integrate a Squeeze-and-Excitation (SE) block [14]
into the encoder to adaptively recalibrate channel responses
via modeling inter-channel dependencies. Let X be the input
feature:

z=GAP(X), s=0(W35(Wiz)), X=s0X (7)

where GAP denotes global average pooling (aggregating
global information across channels), § is ReLU, and o is
Sigmoid. Two fully connected layers (W1,W3) capture inter-
channel dependencies to generate attention weights, which re-
calibrate features channel-wise for enhanced discriminability.

Hellinger Distance Regularization: While KL divergence
Dx1,(q(z|X)|lp(z)) regularizes VAE posteriors toward the
standard normal prior, its unboundedness causes gradient
explosion when scarce support samples yield poorly-estimated
posteriors. Moreover, KL’s asymmetric penalty precipitates
posterior collapse [15], where the posterior degenerates to
the prior and forfeits class-specific information. The Hellinger
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Fig. 2. The overview of our HSC-SFA framework which comprises four principal components. Enc and Dec are the variational feature encoder and decoder.

distance H(q,p) € [0,1] provides a bounded, symmetric
alternative with smooth gradients [15], stabilizing training
while preserving discriminative posterior structure. Given the
posterior ¢(z|X) and prior p(z) = N(0,I), we compute the
distance between sampled latent vectors z ~ ¢(z|X) and
Zprior ~ P(2) projected by P:

Lien = (®)

1
ﬁ H vVPz — \/ Zprior )

where P is a learnable projection matrix. The total loss is:

L= Erecon + >\£hell (9)

with A\ = exp(w). During base training, w is learnable; during
fine-tuning, it is frozen to prevent overfitting.

A-VAE preserves standard VAE components (encoder, repa-
rameterization, decoder) while generating more discriminative
class distributions.

C. Synergistic Support-Query Attention

Building on the robust class distributions modeled by A-
VAE, we propose a bidirectional cross-attention mechanism
to enable mutual adaptation between query and support fea-
tures while preventing feature staleness. Unlike unidirectional
approaches [20], SSQA realizes symmetric refinement through
bidirectional interaction. Crucially, to avoid the quadratic
O(N?) cost of standard cross-attention (where N is the
variable number of support features), SSQA employs a mean-
guided, fixed-length memory that reduces the support-side
complexity to O(1) with respect to N.

Query-to-Support Update: The query features Q attend to
the original support features K,V to gather class-specific
context:

~ KT
4 = Qfeat + 1 - Wo (Softmax (Q\/g ) V) ,

where 1 = 0.01 is a residual step size that stabilizes optimiza-
tion by gating the update magnitude for both directions.
Support-to-Query Update: For lightweight design, instead of
support features kg, v attending back to the full query set (
O(M x N)), we first condense query information into a single
mean vector pair (k,, v,) = Mean(Q), then concatenate with
support features to form a fixed-length (Ilength-2) memory:

Ks = [Rq§ks]7 (11)

The support features then attend only to this compact memory:

K
S = Sgeat + 1 W, <Softmax (Q\/Es ) VS)

Since the size of K¢ and Vj is fixed to 2 regardless of the
number of support examples N, this step incurs only O(M)
cost (linear in query size M), and the support-side complexity
is O(1) with respect to N. This makes our SSQA significantly
more efficient than standard cross-attention(O(M x N)).

The refined features (q,S) are passed to the subsequent
aggregation layer, enabling efficient, bidirectional feature en-
hancement without a quadratic bottleneck.

(10)

Vs = [‘_’q9 VS]

(12)

D. Adaptive Logic Calibration

To address classifier bias in few-shot settings (which tends
to be overconfident for base classes due to abundant train-
ing data and underconfident for novel classes due to scarce
fine-tuning samples), we design an adaptive logic calibration



TABLE I
FEW-SHOT OBJECT DETECTION PERFORMANCE (NAP50) ON THE PASCAL VOC DATASET. USING RESNET-101 FOLLOWS MOST OF THE PREVIOUS
WORKS. BEST SCORES ARE BOLD AND SECOND BEST ARE UNDERLINED.

Method / Shot Novel Set 1 Novel Set 2 Novel Set 3 Avg.
1 2 3 5 10 1 3 5 10 1 2 3 5 10
Meta R-CNN [4] 199 255 350 457 515 104 194 29.6 348 454 143 182 275 412 481 3l1.1
TFA w/ cos [16] 39.8 36.1 447 557 56.0 235 269 341 351 39.1 308 348 428 495 498 399
MPSR [17] 417 431 514 552 618 244 293 392 399 478 356 41.8 423 48.0 497 434
DeFRCN [11] 536 575 615 641 608 30.1 381 470 533 479 484 509 523 549 574 519
Meta FR-CNN [7] 43.0 545 606 66.1 654 277 355 46.1 478 514 406 464 534 599 586 505
ICPE [18] 543 595 624 657 662 335 40.1 487 515 525 509 531 553 60.6 60.1 5495
FSAD [8] 547 612 625 651 658 353 47.1 503 522 527 466 550 558 602 603 54.99
FPD [19] 48.1 622 640 67.6 684 29.8 432 477 520 539 449 538 581 61.6 629 5455
VFA [5] 577 64.6 647 672 674 414 462 51.1 518 51.6 489 548 566 59.0 589 56.1
HSC-SFA (Ours) 586 67.1 680 68.6 69.1 442 512 532 538 550 514 560 576 620 62.1 60.35

module to rebalance detection confidence by fusing two com-
plementary signals: original logits and cosine similarity.

Feature Projection: Query and prototype features are pro-
jected via a shared linear layer:

q:Wfq, p:Wfp (13)

Cosine Similarity and Scaling: The cosine similarity and its
magnitude scale are computed as:

~q'p
™=
lall - [[pll
where z,,, € RC*! is the vector of original logits (including
background).

Learnable Fusion: Foreground logits are recalibrated
through an adaptive fusion:

Tels = ||Zraw||2; Tecos = |7T| (14)

15)

Zfg = Wraw * Zraw * Tcos + Weos * T+ Tels

where wr,y and wgys are obtained by normalizing two inde-
pendent learnable parameters Wy, Weos € R:

(wraWa wcos) = SOftmaX([WraWa wcosD (16)

Background scores are adjusted by transferring the magnitude
of the original prediction:

ébg = Zrawbg T Tels )

The fusion weights are frozen during fine-tuning to ensure
stability.

ALC fine-tunes overconfident logits in the detection head,
thereby compensating for underfitting or overfitting issues in
detection models while avoiding additional data dependency
and branches.

III. EXPERIMENTS

A. Datasets and Evaluation Metrics

We evaluate the proposed method on two widely-used
FSOD benchmarks: PASCAL VOC [21] and MS-COCO [22].
The data splits and evaluation protocols follow the established
settings from TFA [16] for fair comparison.

Dataset: VOC contains 20 object categories. Following the
standard protocol [4], we divide the categories into three
splits, each with 15 base classes and 5 novel classes. We
evaluate with K € {1,2,3,5,10} shots per novel class. MS-
COCO includes 80 object categories. We adopt the 60/20 split
introduced by [16]:60 base classes and 20 novel classes, and
evaluate at K = 10 and 30 shots.

Evaluation Metrics: On VOC we report bAP (base) and
nAP (novel) at IoU = 0.5. On COCO we follow the official
IoU = 0.5 : 0.95 metric and only report the mean AP of novel
classes(nAP).

TABLE 11
COMPARISON WITH THE META-LEARNING METHODS ON MS-COCO
DATASET(NAP).

Method 10-shot 30-shot
FSDetView [23] 125 14.7
Meta FR-CNN [7] 12.7 16.6
DCNet [24] 12.8 18.6
CME [25] 15.1 16.9
FSAD [8] 16.1 18.7
FPD [19] 15.9 19.3
VFA [5] 16.2 18.9
HSC-SFA (Ours) 18.8 222

B. Implementation Details

We implement our framework using MMDetection [26] with
a ResNet-101 [27] backbone pre-trained on ImageNet-1K [28],
conducting all experiments on four NVIDIA V100 GPUs. For
base training we use SGD with learning rate 0.01 and weight
decay 1 x 1074, reducing to 0.001 for novel class fine-tuning
while freezing critical parameters (Hellinger weight w and
ALC fusion weights) for stability. The centroid momentum «
in CFC is set to 0.1, and centroid number 24 achieves the best
balance between representation capacity and computational
efficiency. Our training schedule follows Meta R-CNN [4]:
400, 800, 1200, 1600, 2000 iterations for K = {1,2,3,5,10}-
shot VOC respectively; and 10,000/20,000 iterations for 10/30-
shot COCO settings. All remaining training details are kept
identical to the original Meta R-CNN [4] configuration to
eliminate confounding factors.
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Fig. 3. Comparison of bbox and heatmap visualization results between the VFA method and our approach.

C. Parametric Statistics

The added modules contain approximately 4M learnable
parameters, accounting for less than 8% of the base Meta R-
CNN [4]. In terms of computational complexity, the additional
computational cost is 0.727 GFLOPs, only 0.86% of the base
model. These results demonstrate that the proposed mod-
ules achieve feature calibration, logical fusion, and attention
enhancement with only slight increases in parameter count
and computational overhead. They incur minimal storage and
inference costs, offering excellent practicality for resource-
constrained few-shot detection scenarios.

D. ExperimentalResults

Table I presents the comprehensive comparison on PAS-
CAL VOC. Among mainstream FSOD methods based on
meta-learning (excluding LLM-augmented methods [29]), our
method achieves state-of-the-art performance across all shot
settings and novel splits. Specifically, while the baseline
achieves bAP of approximately 79%, our HSC-SFA framework
not only improves this by around 1% but also delivers remark-
able performance on novel classes under few-shot scenarios:
HSC-SFA outperforms the strong VFA baseline by 0.9-3.3%
on Novel Set 1 and shows significant improvements of up to
5.0% on the challenging Novel Set 2. The average performance
across all three splits reaches 60.35% nAPs5(, surpassing VFA
by 4.25%.

More extensively on MS-COCO, our method obtains com-
petitive performance of 18.8% and 22.2% nAP in 10-shot and
30-shot settings respectively (Table II), demonstrating strong
generalization capability in complex detection scenarios. To
isolate the contribution of our feature—aggregation strategy, we
deliberately omit advanced fine-tuning techniques such as the
gradient-decoupling layer adopted in DeFRCN [11].

The t-SNE plot of support-set Rol features in Fig. 1 reveals
clear inter-class separation and tight intra-class clustering,

indicating superior feature discriminability. Correspondingly,
the bounding-box detection and prediction heatmap results in
Fig. 3 confirm that these well-structured features translate into
more precise localization and accurate recognition, even in
few-shot settings.

TABLE III
ABLATION STUDY OF DIFFERENT COMPONENTS ON PASCAL VOC
(AVERAGE OVER THREE SPLITS).

Components nAP5o A

VFA Baseline 56.10 -

+ A-VAE 57.60 +1.50
+ A-VAE + CFC 58.85 +2.75
+ A-VAE + SSQA 57.85 +1.75
+ A-VAE + CFC + SSQA 59.52 +3.42
+ A-VAE + CFC + ALC 59.30 +3.20
+ A-VAE + CFC + SSQA + ALC 60.35 +4.25

E. Ablation Study

To quantitatively evaluate the independent contribution of
each component and their synergistic effects, we conduct
systematic ablation studies on PASCAL VOC, with results
summarized in Table III. Starting from the VFA baseline,
replacing the variational feature aggregator with A-VAE im-
proves the baseline by 1.50% nAP;5g, attributed to channel-
wise attention and Hellinger regularization that enhance fea-
ture discrimination in higher-shot scenarios. Incorporating
CFC further boosts performance to 58.85% (+2.75% cumu-
lative), effectively suppressing feature noise and sharpening
class boundaries, particularly when sufficient support samples
are available.

Experimental results demonstrate that SSQA and ALC are
functionally complementary: adding SSQA to A-VAE yields
57.85% (+1.75%), while introducing ALC to the A-VAE +
CFC combination achieves 59.30% (+3.20%). The complete
configuration (A-VAE + CFC + SSQA + ALC) achieves



optimal performance at 60.35% nAP5(, delivering a substantial
+4.25% improvement over the baseline with minimal compu-
tational overhead.

This confirms that the hierarchical integration of all core
modules enables synergistic optimization of feature represen-
tation, distribution modeling, support-query interaction, and
decision-making logic, thereby maximizing the model’s few-
shot detection performance across all shot settings.

IV. CONCLUSION

This paper proposes the HSC-SFA framework to address
core challenges in FSOD: insufficient feature discriminabil-
ity, weak support-query interaction, and unstable prediction
confidence. Our method integrates four novel complementary
components for feature noise suppression, robust class dis-
tribution modeling, mutual support-query feature adaptation,
and prediction confidence rebalancing, forming a hierarchi-
cal self-calibration mechanism that addresses FSOD bottle-
necks across multiple dimensions. Extensive experiments on
standard FSOD benchmarks show that HSC-SFA achieves
state-of-the-art performance, outperforming existing advanced
meta-learning methods. Notably, this framework provides a
scalable meta-learning solution with end-to-end collaborative
optimization of multi-level calibration, offering a new design
perspective for calibration-based FSOD and a foundation for
more stable few-shot learning systems. Future work will ex-
plore integrating HSC-SFA with vision-language pre-training
to enable zero-shot transfer to unseen semantic categories.
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