WE

Wi ick
_ ISSN: 3005-9682 (Print), ISSN: 3005-7140 (Online) | Volume 7, Number 3, Year 2025

- DOI: https://doi.org/10.62051/ijcsit.v7n3.04
Journal homepage: https://wepub.org/index.php/IJCSIT/index

I

International Journal of Computer Science and Information Technology

Calibrating Fake Feature Statistical Distribution for Few-Shot
Object Detection

Lanlan Liu 1, Haifeng Sima 2"

! Faculty of Arts and Law, Henan Polytechnic University, Jiaozuo, China
2 School of Software, Henan Polytechnic University, Jiaozuo, China
*Corresponding Author: smhf@hpu.edu.cn

ABSTRACT

The booming development of object detection has benefited from rich datasets. However, obtaining
a large amount of labeled data for scarce objects is expensive. Few-Shot Object Detection (FSOD)
has garnered significant attention, aiming to learn new categories with only a small number of labeled
samples. In this paper, we propose a novel FSOD model based on data augmentation, namely
Calibrating Fake Feature Statistical Distribution for Few-Shot Object Detection (CFSD). First, we
utilize feature-specific generative adversarial methods to synthesize fake features, addressing the
issue of overfitting in the detection head and classifier when dealing with limited samples. However,
due to the model's insufficient training samples, the distribution of the generated fake features in the
feature space tends to lean towards the base category. To tackle this issue, we design a distribution
calibration module to adjust the statistical distribution of fake features, aligning it with that of novel
category features. Finally, we conducted tests on the Pascal VOC and MS COCO datasets, and the
results unequivocally confirmedthe effectiveness of our method. The test results outperform existing
FSOD-based methods and other data augmentation-based methods.
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1. INTRODUCTION

Traditional object detection methods usually require a large amount of labeled datato ensure that the
model can accurately identify and locate the objects in the image. However, in practical applications,
acquiring large-scale and high-quality labeled data is often a complex and expensive task for
researchers. Specifically, the availability of labeled data in emerging fields or specific tasks is
extremely limited. Therefore, this has spurred the study of few-shot object detection. The primary
task of few-shot object detection [1-5] is to address the challenges posed by insufficient labeled data.

Data augmentation [6-8] is one method to address the few-shot problem. It not only expands the
number of samples in each category to increase sample diversity but also enables the creation of new
categories and tasks. Among these methods, generative models are considered efficient for data
augmentation. This method simulates the distribution of real samples to generate diverse fake samples.
Currently, Variational Auto-Encoders (VAE) [9-11] and Generative Adversarial Networks (GANS)
[12-15] are commonly used generation technologies. VAE consist of an encoder and a decoder. The
encoder transforms the input data into a lower-dimensional latent variable, serving as an abstract
representation of the data. This latent variable captures key features and the object distribution within
the data, allowing the model to better comprehend the original data. The decoder then maps these
latent variables back to the original data space to generate new samples. The main idea of GANs
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involves the confrontation between the generator and the discriminator in a game process. The
generator aims to produce realistic data to deceive the discriminator, which distinguishes between
real and fake data. However, it is challenging for generators to learn from a limited number of samples.
GAN:Ss typically use implicit feature generation, where the generation process is contained in the
trained generator. With sufficient data, the generator can naturally better reveal the true distribution
of the data. Astraining samples decrease, it becomes increasingly difficult for the generator to model
the statistical distribution of new class features. This, in turn, makes it challenging for the model to
accurately determine the decision boundary of the classifier. Hence, it is essential to rectify samples
with indistinct classification boundaries, and assign them to a distinct cluster center. Distribution
calibration corrects the statistical distribution of features to ensure alignment with the statistical
distribution of cluster centers when handling samples with ambiguous decision boundaries. By this
means, the model becomes adept at capturing the intrinsic patterns within the data, thereby enhancing
its capability to process samples with unclear decision boundaries. However, distribution calibration
necessitates computing the similarity between each new class and all base classes. In scenarios with
a substantial number of visible classes, distribution calibration exhibits high space dimension and
computational complexity at runtime. Moreover, there might not always be a base class resembling
the target new class within the visible classes. If the sample class encompasses a broad span, the
achieved effect may be less satisfactory.

This paper introduces a novel data augmentation approach, namely CFSD. It is implemented based
on a meta-learning framework, and mainly comprising a generative adversarial module and a
distribution calibration module. These modules aim to address two main challenges: (1) Ineffective
generalization of the model's classifier and regressor due to limited data. (2) Deviation of the
generated fake features from the real cluster center. Specifically, the generative adversarial module
is used to generate fake features. Different from EBGan [16], the generative adversarial module does
not generate feature samples with the same dimensions as the original samples, but generates high-
level fake feature vectors. This means that the generator and discriminator discard a large number of
convolution operations and upsamps, simplifying the complexity of feature generation and allowing
the model to extract a richer representation of features. However, in the training of new categories
with a limited number of examples, the EBGan model introduces a challenge where the generated
features significantly deviate from the statistical distribution of object features. This deviation can
hinder the model's ability to accurately determine the decision boundary of category samples. To
address this issue, the distribution calibration module [30-32] is employed to realign the statistical
distribution of fake features, ensuring consistency with the distribution of support features. This
enhances the compatibility of fake features with target tasks. Differently, our mothed doesn't transfer
the distribution of the base category to the new task, instead, it focuses on the statistical distribution
of support features. This ensures that the fake features align with the distribution of support features,
and reduce the extensive calculation of similarity. Additionally, our distribution calibration method
is implemented on a pre-trained feature extractor, which eliminating the need for fine-tuning or
retraining the feature extractor. The contributions of this paper can be summarized as following three
points:

(1) This paper introduces a few-shot object detectionmodel within a meta-learning framework, which
focusing on feature generation. The objective is to generate synthetic features based on a small
number of labeled samples, and address the challenge of overfitting in detection heads and classifiers
caused by limited samples.

(2) The paper proposes a distribution calibration module to realign the distribution of fake features in
the feature space, ensuring that the mean and covariance of fake features align with those of support
features. This module resolves the difficulty the model faces in determining the decision boundary of
category samples.

(3) Through comprehensive ablation and comparison experiments, we have scientifically validated
the effectiveness of our method. The model demonstrates superior detection performance on both the
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Pascal VOC dataset and the MS COCO dataset compared to the general FSOD model. The average
test results across each dataset show an improvement of 1% to 2% compared to the baseline.

2. RELATED WORK
2.1. Few-shot Object Detection

Currently, few-shot object detection frameworks can be categorized into two main groups: transfer
learning and meta-learning. Transfer learning [17-20] aims to apply knowledge acquired from a
source task to a new task. This knowledge is typically gained through pre-trained neural network
models, with pre-trained weights containing common feature representations. During training for the
target task, the model fine-tunes the classifier and regressor to adapt to new categories. However, the
effectiveness of transfer learning may be limited if there is significant domain dissimilarity between
the source and target tasks, a challenge that transfer learning continues to address. On the other hand,
Meta-Learning [21-25] represents a more advanced approach. Its fundamental concept involves the
model simulating multiple diverse tasks during the training process, enabling it to quickly adapt to
various tasks. Unlike transfer learning, meta-learning doesn't require the model to achieve high
performance in a specific task but focuses on capturing meta-knowledge across all tasks. This meta-
knowledge, particularly valuable when dealing with a small number of available samples, allows the
model to "learning to learn™ Consequently, in cross-domain detection problems, meta-learning tends
to outperform transfer learning. In summary, both methodsaim to tackle few-shot tasks by leveraging
limited knowledge and reducing dependence on new data, ultimately enhancing the performance of
target tasks. In this paper, our model is implemented within a meta-learning framework.

2.2. Data Augmentation-Based Few-Shot Approaches

The essential issue of few-shot tasks is the scarcity of samples. Initially, researchers used data
augmentation to solve this problem. Liu et al. [26] increased the number of samples by rotating the
original images by 90 degrees, 180 degrees, and 270 degrees, allowing the model to sample more task
instances during training. However, the effect of data preprocessing methods is limited, and the
expanded samples are still limited by the diversity of the original data. The researchers then expand
the sample by generating models, which can be generated in a variety of ways, including diffusion
models, generative adversarial networks, and VAE. Diffusion models have been shown to synthesize
higher quality fake samples. Trabucco et al [27] used a text-to-image diffusion model (DA-Fusion)
to generate diverse fake images. This method adapts the diffusion model to new domains by inserting
and fine-tuning new tokens in text encoders representing visual concepts. In addition, Cheng et al.
[28] adopted CenterNet as the basic framework and redesigned the features to enable the model to
overcome knowledge forgetting to a large extent and adapt to unseen knowledge. However, original
diffusion models are slow to sample, often requiring thousands of evaluation steps to draw a single
sample. Therefore, it is difficult for diffusion models to generalize to various scenarios. The
generative adversarial network synthesizes fake datathroughthe game of generator and discriminator.
Li et al [15] used c(WGAN to synthesize fake datasets to increase the number of training samples. At
the same time, classification regularization and anti-collapse regularization are introduced to promote
the discriminability and diversity of synthetic features. But the success of generating adversarial
networks often depends on having a large number of training samples. If there are too few samples,
the generator cannot capture the distribution of the new class samples in the feature space, and the
generated fake sample will deviate from the real clustering center, resulting in the model cannot divide
the effective decision boundary. VAE belongs to the same generative model as GAN. Differently,
V AE combines the ideas of autoencodersand probabilistic graph models, aiming to learn the potential
representation of data and the generative distribution of data. Han et al [29] use VFA variational
autoencoder to estimate the distribution of categories and sample variational features from the
variance distribution of base class samples. The VFA model applies VAE to the few-shot task for the
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first time. However, the reconstruction loss of VAE often results in the generated samples being too
smooth, and thus the quality of the generated fake samples is usually low. Inthis paper, we calibrate
the mean and covariance of the generated features based on the GAN model to produce high-quality
fake features.
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Figure 1. Overall structure of CFSD model

2.3. Data Augmentation-Based Few-Shot Approaches

The distribution of features in the feature space significantly influences the model's decision-making
effectiveness. Fuzzy boundaries between categories can pose challenges for the model in
classification tasks. Therefore, calibrating fuzzy category samples can clarify the boundaries between
categories, which is beneficial to model classification. Zhang et al [30] introduced the Task Coding
with Distribution Calibration (TEDC) model, which reduces intra-class distribution differences by
minimizing the distance between support features and query features within the same category,
thereby improving the model's performance. Park et al [31] attempted to enhance feature
representation by exploiting intra-class variance. Yang et al [32] chose the base category with the
highest similarity to the target feature, and directly calibrate the distribution estimate of Gaussian
noise based on the statistical information of this category. In our method, we diverge from using the
statistical information of base categories and instead leverage the distribution of novel categories as
the foundation. This enables us to generate more reliable feature samples by calibrating the statistical
distribution of fake features.

3. METHOD

First, we introduce the training process of the meta-learning framework in Section 3.1. Secondly,
Section 3.2 shows the overall architecture of this model. Finally, the structure and implementation of
the generative adversarial module and distribution calibration module are discussed in detail in
Sections 3.3 and 3.4.

3.1. Problem Definition

This paper divides the categories of the dataset into two parts: the base classes Cj .. With abundant
annotated samples and the novel classes C,,,.; With only a few annotated samples. Cp,s and
Crover d0 not contain the same class, i.e., Cpase N Crover = D. The meta-detection model uses the
generalizable knowledge in C, 4. to fine-tune C,,,.;, allowing the model to detect objects from both
Cpase and Cpper - In the novel class, the number of categories and samples is set to N-way and K-
shot, indicating N categories and each category has K samples.
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3.2. Model Overview

The CFSD model is implemented based on the meta-learning framework. The high-level feature
vectors after deep convolution processing contain rich semantic information and statistical
information. As a result, there is no need for extensive additional convolution processing. In this
article, the model utilizes a lightweight generative adversarial module (GAN module) to capture the
statistical distribution of high-level features, aiming to generate more diverse fake features [44, 45].
In this paper, the generative adversarial module utilizes a lightweight generative network to capture
the statistical distribution of features. Second, the Distribution Calibration module is employed to
adjust the distribution of fake features in the feature space, and ensure them share the same cluster
center as the real features. In this model, the calibrated fake features and original features are used
together to train the model's classifier. This approach enhances the diversity of data and aids in
improving the generalization performance of the detector when data samples are limited.

Fig. 1 illustrates the specific structure of the CFSD model. Initially, the model employs two feature
extractors with the identical structure to extract query features F; and support features Fi,
respectively. These feature extractors utilize the ResNet101 model with shares weights. In the
generative adversarial module, the model randomly generates a set of Gaussian noise z~N(0,1).
Subsequently, the generator (G) transforms the Gaussian noise into fake features similar to real
features. The discriminator (D) distinguishes whether the input features are real or fake, and the
difference between the predicted value and the real value is measured using Mean Squared Error
(MSE) and back-propagated. The distribution calibration module (cal) utilizes the mean and
covariance of the support features to calibrate the generated fake features, making the distribution of
fake features closer to the real features. Finally, the model employs the fake features and support
features F; to jointly train the classifier and regressor of the model.

3.3. Generative Adversarial Module
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Figure 2. Generative adversarial module structure diagram

The EBGAN model has demonstrated remarkable performance in image synthesis, utilizing
autoencoders and numerous convolutions to simulate the original image. However, if the EBGAN
model is directly used to generate fake images of the original size for training a few-shot model. It
would necessitate extracting features from a shallow network, resulting significant computational
resource wastage. At the same time, this approach would inflate the model structure, making it more
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challenging to generalize to new categories. Therefore, the synthesis strategy in this paper is a variant
of the EBGAN model, which focusing on transforming low-level original images into high-level
feature vectors. This adaptation implies the omission of a considerable number of convolution and
upsampling operations. The generation module can directly acquire high-level semantic information,
reducing the complexity of the module. Additionally, in high-level space, the model can more easily
capture the statistical distribution of features, minimizing the impact of irrelevant noise and laying
the groundwork for subsequent statistical distribution calibration. Figure 2 offers a detailed overview
of the structure of the Generative Adversarial Network module, encompassing a generator for
processing Gaussian noise and a discriminator for evaluating feature authenticity. The model's
training process involves a dynamic interplay between these two components.

Generator (G). The initialized noise features, zr € R“****® follow a standard normal distribution
N(0,1). The generator transforms Z¢ through a non-linear conversion to simulate the distribution of
real features. Specifically, the convolutional layers in the generator are replaced by two fully
connected layers (Fcl € dim**192%, Fc2 € dim***°*®) enabling the mapping of input features to
a high-dimensional feature space. To address the issue of gradient vanishing, the LeakyRelU
function is used to activate neurons, with a negative slope parameter set to 0.2. Additionally, the tanh
function, combined with Batch Normalization (BN), ensures that the generated data is constrained
within the range (0, 1). The entire process can be summarized by Equation 1.

Z; = G(z;) = tanh (BN (Fc2(LeakyReLu(BN(Fcl1(z:)))))), i= 123, .. 1)

Discriminator (D). The structure of the discriminator is similar to that of the generator. It takes as
input either a real feature (S; € R“*?°*®) or a fake feature (Z, € R®2%48), and also employs fully
connected layers. The primary function is to evaluate whether the input feature is generated or real.
Specifically, the discriminator initially utilizes two fully connected layers (Fc3 € dim!*248,
Fc4 € dim**1%%%) to map features into a representation with 1024 neurons. Subsequently, Batch
Normalization (BN) combined with the LeakyReLu function facilitates effective gradient updates
during backpropagation, mitigating the issue of neurons being activated to 0 while rectifying feature
distributions. The final fully connected layer (Fc5 € dim®*2°*8) maps the discriminative features
to a dimensionality of 2048. BN cooperates with the ReL.u function to normalize the features while
making the neurons sparse, maximizing the neuron's filtering capability. Equation 2 shows the
specific implementation process of the discriminator:

D(X) = ReLu (BN(Fc5(LeakyReLu(BN(Fc4(Fc3(X))))))) 2
Z,=D(Z), i=123,.. ®3)
S;=D(S), i=123,.. 4)

D () is the discriminator, Z; and S; are fake features and real features respectively.

Loss function. In order to mitigate the issue of mode collapse, the loss function Inherited the ‘energy’
concept from EBGAN [16]. Both the generation loss and the discrimination loss employ Mean
Squared Error (MSE) to minimize the difference between fake features and the discriminative results,
The loss functions are defined as follows:

G_Loss(Z;) = MSE(Z,,D(Z))), i=1,23, .. )

D_Loss(S,,Z;) = MSE(D(S,),S,) + [m — MSE(D(Z,)),Z)]*, i= 123, .. 6)
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Here, m represents the energy gap between real features and fake features. The generator aims not
only to reduce the reconstruction error of real features but also to make the reconstruction error of
fake features approach m.

3.4. Distribution Calibration Module

Two sets of similar categories exhibit comparable distributions in the feature space, but the generated
features may deviate from the actual distribution range. This module aims to recalibrate the generated
fake features toalign withthe clustering distribution of real data. In this module, instead of calibrating
the distribution of the original data, we aim to recalibrate the distribution of the generated fake
features. Deep features typically have higher dimensions, making the feature distribution clearer and

making it easier to calibrate the feature distribution. The specific operational steps are as follows:

Calculate the mean and covariance of the input features. We feed the generated fake features into the
distribution calibration module, where we use Equation 7 and 8 to calculate their mean and covariance,
respectively. The mean is computed along the first dimension (sample dimension) of the features,
while the covariance matrix represents the correlation and dispersion levels among the input features.

mean(x) = % toX; (7)
Cov(x) = g‘%:_x;—_f 8)

Calculate the calibration matrix A. The function of calibration matrixA is establishing the relationship
between the covariance of fake features and target features, ensuring that the calibrated statistical
distribution (mean and covariance) matches that of the target features. The computation of the
calibration matrix A can be represented as follows:

A =Cov(y): Cov(x)T )]

y is the support feature, x is the generated fake feature.

Calibrated mean and covariance. We utilize the calibration matrix A to adjust the mean and
covariance of fake features. The process of calibrating the mean and covariance are illustrated in
Equation 10 and Equation 11:

Calibrated_mean(x,y) = mean(y) + A - (mean(y) — mean(x)) (10)
Calibrated_Cov(x) = A - Cov(x) - AT (11)

Here, A represents the calibration matrix, Calibrated_mean and Calibrated_Cov are the mean
and covariance matrices after calibration. In this context, y represents the support features, and x
represents the generated fake features. Specifically, first, this process involves calculating the
deviation between the fake feature mean and the target mean. Subsequently, the calibration matrix A
is multiplied by the mean deviation to adjust the difference between vector means. Finally, the
adjusted mean deviation is added to the target mean, resulting in the calibrated mean
(i.e.,Calibrated_mean).

Generate calibrated features. First, we obtain a matrix B whose distribution is centered at zero mean
by subtracting its mean vector from the fake feature. Then, we utilize the einsum function to perform
matrix multiplication between matrix B and the input covariance matrix Cov(x), resulting in a
covariance-transformed feature matrix, referred to as data. Finally, the calibration matrix A is
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applied to the feature matrix data and the Calibrated_mean vector is added to the result to
generate calibrated data. The process can be represented as follows:

B = x; —mean(x;) (12)
data = A- einsum(cov(x),B) + Calibrated_mean (13)

In general, the distribution calibration module relies on the statistical distribution of support features.
It remaps and adjust the generated feature distribution to match the target feature distribution through
the linear transformation of the calibration matrix.

4. EXPERIMENTS AND ANALYSIS

To begin with, Sections 4.1 and 4.2 introduce the datasets utilized by the model and provide details
regarding the experiments. Subsequently, Section 4.3 carries out a comparative analysis of various
state-of-the-art methods on two distinct datasets. Finally, in Sections 4.4 to 4.6, a series of ablation
analysis of the method proposed in this paper is conducted.

4.1. Datasets

The effectiveness of the CFSD model is evaluated using two widely used public datasets: PASCAL
VOC (07+12) and the MS COCO dataset.

PASCAL VOC is a commonly used public dataset in the field of object detection, comprising 20
categories. Inthis study, the VOC 2007 train set and VOC 2012 train set are utilized for model training,
and the model is tested on the VOC 2007 test set. The evaluation metric employed is novel category
average precision (nAP0.5) with a threshold of 0.5. The 20 categories of the dataset are split into two
parts: 15 base categories and 5 novel categories. The base and novel are randomly selected, with no
overlap (i.e., Base N Novel=0). This study evaluates three different groups of Base/Novel samples.
The novel category is selected in the same manner as Hu et al. [38]. There are three different novel
categories: {“bird”, “bus”, “cow”, “motorbike”, “sofa”}, {"areophane", "bottle", "cow", "horse",
"sofa"}, {"boat", "cat", "motorbike", "sheep"”, "sofa"}. During basic training, only the annotations of
the base category are provided. For the few-shot fine-tuning stage, the model is trained using k

images with annotated bounding boxes for each category, where k takes values of 1/2/3/5/10.

The MS COCO dataset comprises 80 object categories, with the same 20 categories as Pascal VOC
designated as novel categories. The remaining 60 categories in the MS COCO dataset are utilized as
basic categories. The process of constructing the few-shot dataset is similar tothe Pascal VOC dataset,
with k set to 10/30. We employ Train 2017 for training and Val 2017 for evaluation.

4.2. Implementation Details

We implement our method using MMDetection. In training, we adopt ResNet101 pre-trained on
ImageNet-1K as the feature extractor and use SGD as the optimizer.

The experimental environment is based on a Linux system server with GCC version 6.1, and training
is performed on a single GPU of NVIDIA A100 with 40G memory, and batch_size is setto 8. In the
basic training stage of the model on the Pascal VOC dataset, the model was trained for 18000
iterations, and the initial learning rate of the model was 5x 1073, The learning rate decays by
1% 10™* at 12000 and 16000 respectively. The learning rate remains unchanged during the few-shot
fine-tuning phase. When 5 x 1073, the model iterates {400, 800, 1200, 1600, 2000} respectively. In
the basic training stage of the model on the MS COCO dataset, the model was trained for 110000
iterations, and the initial learning rate was 125 x 107°. At the 85000 and 100000 iterations, the

28



learning rate decaysby 1 x 10™* respectively. In the few-shot fine-tuning stage, the learning rate is
5% 1073, When k = {10,303}, the model iterates {10000, 20000} respectively.

4.3. Comparison with State-of-the-Art Methods

Inthis section, we conduct several experiments to evaluate our proposed method. We utilize the Novel
Class Average Precision (nAPO0.5) with a threshold of 0.5 to evaluate the detection performance of
the model and compare it with other excellent models. Finally, we perform ablation analysis for
generative adversarial modules and distribution calibration.

4.3.1. Experimental Analysis of PASCAL VOC Dataset:

Table 1. Few-shot performance of the detection model on the Pascal VOC dataset. We evaluate the
performance of three different sets of new classes under nAPO0.5. In the results, * denotes the

outcome obtained by re-running with the same parameters as ours.

Methods/Shots Novel Set 1 Novel Set 2 Novel Set 3
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
TFAw/cos [33]  39.8 | 36.1  44.7 | 55.7 56.0 235 | 269 341 351 391 308 348 428 495 | 498
MPSR [34] 41.7 - 51.4 552 | 618 244 - 39.2 399 | 478 | 356 - 423  48.0  49.7
HallucFsDet[35] | 47.0 @ 449 | 465 547 547 263 318 | 374 374 | 412 404 421 433 514 496
Retentive [37] 424 458 459 537 56.1 217 278 352 370 403 302 37.6 43.0 49.7 50.1
SRR-FSD [36] @ 47.8 505 51.3 552 56.8 325 353 39.1 408 438 | 40.1 415 443 469 464
DC-Net [38] 339 374 437 511 596 232 248 30.6 36.7 46.6 323 349 397 426 507
FsDetView [39] 243 | 36,5 | 449 520 59.2 | 205 275 331 409 471 224 | 330 378 439 | 515
Meta-DETR[25] 35.1 | 49.0 532 574 620 279 323 384 432 518 349 418 471 541 582
MRSN [41] 476 486 578 | 619 626 312 383 46.7 471 506 | 355 | 309 456 544 574
CKPC [42] 35.1 | 455 482 523 602 252 | 324 395 443 492 252 358 409 48.0 | 54.6
VFA [43]* 48.1 574 | 616 642 64.0 371 46,7 483 508 51.2 431 511 545 57.7  59.0
CFSD (Ours) 486 582 623 649 654 386 468 498 516 520 434 528 552 59.7 595

In Table 1, we compare the performance of our method with other few-shot object detection
approaches. Our model achieved the best results among 15 indicators, with an average increase of
1%for each indicator. Notably, it becomes apparent that as the number of samples for detector train
increases, the test results also improve. This phenomenon is attributed to the generative adversarial
module capturing more diverse feature information as the number of train samples grows.
Additionally, this module turns a few-shot problem into a multi-sample problem, such as augmenting
from 1-shot to 2-shot, augmenting from 10-shot to 20-shot, thereby providing the detection head with
more samples to more accurately determine the decision boundary.

4.3.2. Experimental Analysis of MS COCO Dataset.
Table 2. Few-shot performance of the detection model on the MS COCO dataset.

Methods 10-shot 30-shot
nAP 0.50:0.95 nAP0.50 nAPO0.75 nAP0.50:0.95 nAP0.50  nAPO0.75

TFA w/ cos [33] - 10.0 13.7 - 9.3 13.4
MPSR [34] 9.8 17.9 9.7 14.1 25.4 14.2

Retentive [37] - 10.5 - - 13.8 -
SRR-FSD [36] 11.3 23.0 9.8 14.7 29.2 135
DC-Net [38] 12.8 23.4 11.2 18.6 32.6 17.5
FsDetView [39] 13.4 30.6 9.1 17.1 35.2 14.7
Norm-VAE [40] - 18.7 17.8 - 22.5 22.4
CKPC [42] 16.6 34.4 17.2 19.9 38.1 19.7
VFA [43] 16.2 35.3 11.4 18.9 38.6 15.8
CFSD (Ours) 16.5 36.8 12.4 19.5 40.3 17.5
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We evaluate the results for 10/30-shot evaluations on the challenging MS COCO dataset. The
evaluation results for the novel categories are presented in Table 2. The model demonstrates a notable
improvement of over 1% on the commonly used nAP0.50 evaluation index. Additionally, we report
two more stringent indicators, namely nAP0.50:0.95 and nAPOQ.75. Compared to the robust baseline
(VFA), our method exhibits increase of 0.3% and 0.6% for the nAP0.50:0.95 index, and 1% and
1.7% for the nAPOQ.75 index, respectively. Although the model's performance on the nAP0.50:0.95
and nAPO0.75 indicators doesn't reach the best results, it still surpasses many excellent methods.

4.4. Ablation Experiment

To verify the effectiveness of our method and demonstrate its superior performance, we conducted
several ablation experiments and given comparative experimental analysis. We employed 5 novel
categories of Novel Set 1 as training samples for evaluation. The ablation experiment evaluates the
effectiveness of each module and provide data support for technology upgrades and improvements.

Table 3. Ablation Experiment. Effectiveness of the Gan module and Calibration module

Methods GAN  Calibration Novel Set 1 nAP0.50
1-shot 2-shot 3-shot 5-shot 10-shot
VFA [43] 48.1 57.4 61.6 64.2 64.0
VFA (without VAE) 45.6 55.3 57.6 60.5 60.7
VFA (without VAE) \ 47.8 57.4 60.9 63.7 64.6
VFA (without VAE) \ \ 486 = 58.2 62.3  64.9 65.4

Table 3 shows the results of the ablation experiments. Since VAE is a generative model and conflicts
with the approach in this paper, we excluded the VAE module from the strong baseline VFA. It is
evident that after removing VAE, the accuracy of the VFA model significantly decreases.
Subsequently, by incorporating the Generative Adversarial Network (GAN) module only, the model
achieves a 2% to 3% improvement. but the results do not surpass the original method. This is
because the statistical distribution of the fake features generated by GAN are biased toward the base
classes. Thereby, it interferes with the decision boundary of the novel classes in the feature space
cause by limited training samples. When both the generative module and the distribution calibration
module are used simultaneously, the model's performance surpasses that of the source model (VFA),
with an average improvement of 1% to 2% for each metric. This improvement is attributed to the
distribution calibration module correcting the intra-class statistical distribution of fake features,
making the classification decision boundary clearer.
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4.5. How the Distribution Calibration Module Affects The Distribution Dispersion of
Fake Features

Figure 3. The impact of the distribution calibration module on the discrete degree of fake feature
distribution

In feature space, the covariance of features is proportional to their degree of dispersion. A larger
covariance indicates a more discrete feature distribution, and an excessively discrete distribution can
result in a blurry classification boundary. In Figure 3, we analyze how the dispersion of the fake
feature (red dashed line) changes under the influence of the distributed calibration module. In Figure
a, it illustrates the scenario where the model did not use the distribution calibration module, and the
covariance of fake features ranges from -0.2 to 0.6. The covariance of real features (blue line) is
approximately -0.01 to 0.06. It is evident that the dispersion of the fake feature distribution is much
higher than that of the real feature. In Figure b, after the features are corrected by the distribution
calibration module, the degree of dispersion of the fake features is reduced to between -0.01 and 0.02,
which is lower than the real features (note that the values of the Y -axis are different in Figure a and
Figure b). The above data fully demonstrate that the distributed calibration module can correct the
fuzzy features of the classification boundary and reduce the dispersion of fake feature distribution.

4.6. Analysis of Generated Adversarial Losses

0.9 4 —— Generator Loss

Discriminator Loss

0.8 1

0.7 4

0.6 1

0.5 1

0.4 1

0.3

T T T T T T T T
0 50 100 150 200 250 300 350
X

Figure 4. Generate adversarial loss curve graph
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Fig. 4 illustrates the generator loss and discriminator loss. The adversarial interaction between these
two losses initiates a dynamic competition between the generator and the discriminator. This iterative
process continues until the generated features attain a level of realism where the discriminator can no
longer distinguish between true and false features. Upon reaching a state of Nash equilibrium, the
fake features closely approximate the characteristics of real features, and achieve the desired quality.

4.7. Visual Analysis of the Effect of Distribution Calibration
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Figure 5. Effect of distribution calibration on fake features in feature space

We conducted a visual analysis of the 10-shot results for the 5 categories in Novel Set 1, selecting
100 fake features for each category. Each point in Figure 5 corresponds to a fake feature, with
different colors representing different categories. In Figure a, we observe the test results without using
distribution calibration. It is evident that the decision boundaries between different categories are not
clear, particularly the pronounced conflict between red and orange. In Figure b, we observe the test
results after applying distribution calibration, revealing distinct boundaries between different
categories. While there is a minor conflict between the red and orange parts, the classification
effectiveness is significantly improved compared to Figure a.

5. VISUALIZATION

sofa cat

Figure 6. Visualization of detection results compared with strong baselines. The model is trained on
Pascal VOC Novel Set 1, 2, 3 and tested on the VOCO7 test set

The Pascal VOC dataset encompasses various practical application scenarios, providing a thorough
assessment of the model's generalization capability. Figure 6 illustrates the visualization of results
obtained by the CFSD method proposed in this paper and the robust baseline method VAF on the test
set. Samples were chosen from three distinct sets of novel categories, and the white portions in the
figure indicate the detection confidence of the target category. Clearly, under the influence of CFSD,
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the detection confidence for five different categories has significantly improved. Particularly in the
results of the third column, CFSD successfully detected all targets and accurately identified
overlapping areas even when the targets intersected. Additionally, it was observed that the blue
detection box of CFSD exhibited greater accuracy than the blue detection box of VAF. In the fifth
column, CFSD detected small targets that were overlooked by the baseline method, achieving a
detection confidence of 81%. This demonstrates that the method in this paper can effectively enhance
the model's feature representation of small targets.

CFSD

Figure 7. Visualization of the detection results of the CFSD model on MS COCO dataset

We also present the model's performance on the MS COCO dataset. The challenge level of COCO
exceeds that of VOC due to its inclusion of 80 categories and a significant number of small objects,
which posing a more formidable task for the detector. Examining the results in the first and third
columns in Figure 7, it is evident that the CFSD model outperforms the VFA model in the detection
of small objects. In the second and fifth columns, the model demonstrates the ability to accurately
locate object even in the presence of occlusions. Moreover, the CFSD model exhibits significantly
higher confidence in object detection compared to the robust baseline model. The experiment results
on COCO conclusively demonstrate that feature augmentation and distribution calibration contribute
to improving the model's discriminative representation of novel categories.

6. CONCLUSIONS

This paper introduces a generative adversarial module to address the issue of overfitting in the
detection head and classifier caused by insufficient samples. Additionally, the statistical distribution
of fake features generated by the generative adversarial module tendsto be biased towards the base
category due to limited samples. To mitigate this, we propose a distribution calibration method. This
approach adjusts the statistical distribution of fake features to align with the distribution of real
categories, aiding the classifier in establishing accurate decision boundaries. The proposed method is
evaluated on the Pascal VOC and MS COCO datasets, demonstrating its effectiveness in overcoming
these challenges and outperforming existing state-of-the-art FSOD models.
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