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Abstract

Few-Shot Object Detection (FSOD) aims to train models for detecting novel ob-
jects by leveraging abundant data from base classes and only a few examples from novel
classes. In the meta-learning paradigm for FSOD, the class prototypes are learned to
guide the feature learning. However, The particularity of limited samples may lead
prototypes to fit specific instances — semantic bias, which compromises the general-
ization ability. To address this, we propose Conditional Prototype Learning (CPL), a
novel framework that integrates robust conditional references with training data to miti-
gate bias and enhance prototype robustness. Specifically, we introduce a Masked Condi-
tional Variational Autoencoder (MCVA) to generate more robust conditional prototypes
by correcting semantic biases. Furthermore, since ideal prototypes should not retain
sample-specific particularities, the conditional prototypes lack explicit spatial and scale
information. We design the task-aware feature aggregation (TFA) module to enhance
the feature presentation for classification and regression tasks. Extensive experiments on
PASCAL VOC and MS COCO demonstrate that our approach achieves state-of-the-art
performance, validating the effectiveness of CPL in improving generalization to novel
classes. Our code is now available at https://github.com/yefeng23323/CPL

1 Introduction

Object detection, as a core task in computer vision, has achieved remarkable progress in
recent years driven by advances in deep learning. Despite these achievements, conventional
object detection models typically rely on large-scale, meticulously annotated, and uniformly
distributed training samples to achieve strong generalization performance. It is a challenge
for machines to perform efficient detection using only a few samples. In contrast, human
vision can easily recognize new objects from a limited number of examples. To bridge the
gap between human and machine vision, few-shot object detection has been proposed as an
important subject.

Few-Shot Object Detection (FSOD) addresses the challenge of detecting objects under
limited data conditions. It operates under the assumption that base classes have abundant
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Figure 1: (a) Previous work extracted class prototypes directly from the support images,
which are subject to large semantic biases due to the scarcity of samples, leading to mis-
recognition. (b) We propose conditional prototype learning for FSOD, which implements
robust conditional references to mitigate bias and enhance prototype robustness.
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training samples, while novel classes are represented by only k£ examples. Meta-learning
has been shown to be an effective paradigm for accomplishing this task. Recently, many
meta-learning methods have focused on learning more effective class prototypes. For in-
stance, VFA [14] replaces class prototypes with variational features for aggregation with
query features. However, because limited samples may meet similar sample-specific par-
ticularities, these methods, which only learn the prototypes from the support samples, may
still encounter sample-specific particularities [43], leading to semantic bias in the learned
prototypes. To address this limitation, we propose leveraging conditional references to guide
prototype learning and mitigate bias. In this paper, we introduce Conditional Prototype
Learning (CPL), which incorporates word embeddings as conditional references to enhance
training. Specifically, we propose the Masked Conditional Variational Autoencoder (MCVA)
to generate more robust conditional prototypes by correcting semantic biases. Additionally,
to address the inherent limitations of conditional prototypes, we design a task-aware feature
aggregation (TFA) module to enhance feature presentation for classification and regression
tasks, ensuring more robust and accurate detection. The Masked Conditional Variational
Autoencoder (MCVA) is introduced to refine prototypes using conditional references, ad-
dressing two considerations: 1) Since conditional references, such as word embeddings, are
free from sample-specific particularities, class prototypes should learn from these references
during training to reduce semantic bias. 2) Given the limited samples available for novel class
training, class prototypes should be enriched by fusing broader category semantics from the
conditional references. Inspired by the success of Masked Autoencoders (MAE) [17], we in-
corporate a similar masking mechanism to achieve these goals. Specifically, MCVA refines
semantic bias and integrates category semantics into class prototypes by masking and restor-
ing them with conditional references. This process ensures that the resulting conditional
prototypes are both robust and semantically enriched.

Conventional meta-learning models often rely on class prototypes to enhance features
for detection tasks. However, these approaches overlook a critical aspect: detection re-
quires not only category information from prototypes but also scale information derived
from sample-specific particularities. To address this, we propose the Task-Aware Feature
Aggregation (TFA) module, which implement feature enhancement for the two subtasks of
detection—classification and regression. Specifically, TFA enhances scale information by
interacting query features with objects of varying sizes, improving the model’s ability to
localize objects accurately. Simultaneously, it strengthens category information by aggregat-
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ing conditional prototypes, ensuring classification performance. This approach optimizes the
feature representation for classification and regression tasks, respectively. In a word, with
both the MCVA and TFA, the proposed CPL can achieve better performance in FSOD task.
Our contribution can be summarized as follows:

* We introduce the Masked Conditional Variational Autoencoder (MCVA) to refine the
semantic bias in class prototypes, generating more robust conditional prototypes. The
model avoids overfitting to sample-specific particularities and achieves greater robust-
ness to novel classes with MCVA.

» Considering that the classification and regression tasks need different kinds of features,
we propose the Task-Aware Feature Aggregation (TFA) module, which separately en-
hances features for the two tasks.

* Extensive experimental results demonstrate that our method significantly improves
few-shot object detection performance, achieving state-of-the-art results on the Pascal
VOC and COCO datasets.

2 Related Works

2.1 General Object Detection

In recent years, deep learning-based object detection has achieved remarkable progress. Ex-
isting object detectors can be broadly categorized into two types: single-stage detectors and
two-stage detectors. Single-stage detectors [8, 23, 29, 30, 33] directly predict from CNN
feature maps, while two-stage detectors [1, 5, 9, 10, 16, 22, 31] typically generate object
proposals first and then perform category classification and box localization. Additionally,
anchor-free detectors, such as the DETR series [3, 32, 46, 49], have garnered increasing
attention. However, most of these detectors rely on large amounts of training data, which
makes them unsuitable for scenarios with limited training samples.

2.2 Few-Shot Object Detection

Few-Shot Object Detection (FSOD) aims to solve the challenge of achieving effective object
detection in data-scarce scenarios and has become an important research direction in com-
puter vision. Existing methods are primarily categorized into three types: data augmentation,
transfer learning, and meta-learning approaches. Data augmentation based [36, 40, 41, 48]
methods alleviate the impact of data scarcity by expanding training samples or exploring the
intrinsic diversity of data features. Transfer learning based [2, 27, 34, 35, 38, 44] methods
(also called fine-tuning method) focus on knowledge transfer, employing a two-stage fine-
tuning strategy to adapt knowledge learned from large-scale datasets to novel classes with
limited samples. Meta-learning based [19, 24, 42, 45] methods allow the model to learn
how to learn by simulating a sample less learning scenario. Usually two parts, support set
and query set, are defined in the task, which are processed in parallel by the support branch
and query branch, respectively.
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Figure 2: The overall architecture of our Conditional Prototype Learning (CPL). MCVA and
TFA are proposed to improve the performance.

3 Methods

In this section, we introduce the proposed Conditional Prototype Learning (CPL) framework
for Few-Shot Object Detection (FSOD). First, we outline the problem setup for FSOD and
provide an overview of the model architecture. Subsequently, we describe the details of
two key components: the Masked Conditional Variational Autoencoder (MCVA) and the
Task-Aware Feature Aggregation (TFA).

3.1 Problem Setting

This work adopts the standard problem setting of Few-Shot Object Detection (FSOD) fol-
lowing [35, 42]. Specifically, let D = {(x,y)|x € X,y € Y }, where x represents an input image
and y denotes its corresponding instance annotations. The class set C is divided into a base
class set Cp, and a novel class set C,, satisfying C, UC, = C and C;,, NC,, = (. Each class in
C,, contains abundant training data, while each class in C, includes only K(K = 1,2,3,...)
annotated instances. The goal of FSOD is to detect objects from the novel classes C, by
leveraging the abundant instances in Cj, along with the K shots instances in C,,.

3.2 The Model Architecture

Our Conditional Prototype Learning (CPL) approach is built on the widely-used Faster R-
CNN framework, with ResNet-101 [15] serving as the backbone, as illustrated in Fig. 2.
Both support and query images are input into the two-stem backbone, respectively, for meta-
learning. The support features are then passed into the Masked Conditional Variational Au-
toencoder (MCVA), which refines semantic biases and generates conditional prototypes for
detection. Simultaneously, the support features are fed into the Task-aware Feature Aggre-
gation (TFA) module to enhance features for regression. After that, the MCVA provides
unbiased contional prototypes and reconstructed features into the TFA for classification. By
integrating MCVA and TFA, our proposed model achieves improved performance in Few-
Shot Object Detection (FSOD).
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3.3 Masked Conditional Variational Autoencoder

Under the meta-learning paradigm, class prototypes enable models to quickly adapt to un-
seen categories. However, in the case of sample-specific particularities and insufficient sam-
ple numbers, class prototypes can become highly sensitive to training data, leading to seman-
tic bias. To address this issue, we introduce the Masked Conditional Variational Autoencoder
(MCVA) to reduce this bias, and thus generate more robust conditional prototypes. MCVA
is based on conditional reference learning and will not be limited by specific samples. In ad-
dition, the inclusion of a masking mechanism allows a better fusion of semantic information
while also reducing the risk of sample overfitting.

Specifically, MCVA employs a masking and restoration mechanism with conditional ref-
erences, such as word embeddings. When support images are processed through the back-
bone network, they yield support features x;. These features are first randomly masked and
then concatenated with their corresponding category word embeddings w; to produce X;:

fi:C(wi,M(xi)) (1)

where M(-) represents the random masking operation, which sets a portion of the feature
elements to zero. And C(-) represents concat operation. Following this, we fed the feature
X; into the VAE encoder F,., which produces a latent feature z for feature restoration and a
condional prototype c¢p for detection:

Ui, O = -Fenc(fi) (2)

cpi = Wi+ 0;,zi = Ui+ 0; X & 3)

where the noise € is sampled from the distribution A (0,1), and cp is computed without
noise in order to get stable prototypes. Then, concatenate the latent encoding z; with the
word embedding of the corresponding category and input the concatenated representation
into the decoder F,, to obtain the reconstructed feature x:

X = Faee (C(Wirzi) 4

Similar to a standard Variational Autoencoder (VAE) [20], the loss function comprises
two components. The first component employs Kullback-Leibler (KL) divergence to mea-
sure and constrain the distance between the posterior distribution g(z|#;) and the prior distri-
bution p(z). This ensures that the latent distribution generated by the encoder remains close
to the predefined prior distribution, promoting regularization and stability in the latent space:

Lk =~ ZDKL (zi | %) |Ip(zi)) ®)

where B represents the batch size. The mean squared error (MSE) measures the difference
between the input x; and the reconstructed feature x;, encouraging the decoder to generate
reconstructed features that closely match the original input:

1 B
Lrec = 3 ; MSE(x}, x;) (6)

where N represents the channel dimension of the input feature x;. The total loss of MCVA is
defined as follows:

EMCVA = £rcc + ﬁ LxL (7)
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where f is a hyperparameter. Through the masking and restoration mechanism in the MCVA,
the model is compelled to predict the masked elements using the concatenated conditional
reference (e.g., word embeddings). When the feature contains category-generalized seman-
tics, the model can accurately predict the masked portions based on the conditional reference.
Conversely, when the feature includes biased semantics, the masked elements become diffi-
cult to restore. As a result, the semantic bias in the features is suppressed, while category-
generalized information is enhanced. Additionally, by leveraging the VAE model to extract
latent features from the concatenated input, the generalized semantics are effectively fused
into the feature representation, further improving its robustness and discriminative power.

3.4 Task-Aware Feature Aggregation

Traditional meta-learning models typically rely on class prototypes to enhance features for
both classification and regression. Ideally, a class prototype should contain only general-
ized semantics, free from sample-specific variations. However, in object detection tasks, the
model must also account for scale information, which is inherently specific to individual
samples. To address this, in addition to the MCVA for conditional prototype learning, we in-
troduce the Task-Aware Feature Aggregation (TFA) module. The TFA module is designed to
enhance features in different ways for the classification and regression sub-tasks, enhancing
the detection performance.

Regression Task Given the absence of scale information in conditional prototypes, we
incorporate support image features to assist in the regression task. Specifically, the Con-
textual Feature Enhancement (CAE) module Fig. 2 takes as input the query features Fj, €
RP*exhxwi and the support features Fy, € R™€*/2>%2 which are extracted from stages 1-3
of the shared backbone. Here, (h1,h2), (wi,w2), ¢ and n denote query image and support im-
age height, width, channel number, and number of categories, respectively. The support fea-

h W
tures are refined through the operation F} = {M 001 (F;) — Apooi (Fs)} € RPXCXF X F  \where
M yo01 and A1, Where M, and A ) Tepresent max pooling and average pooling, respec-
tively. The benefit of this design is that it allows the model to focus on salient features and
reduce computational effort, mitigating the risk of overfitting. These refined support features

hyw
are then used to enhance the query features with the attention matrix A € RE* (lwi)x(nx (Zr2)
is computed by:

o ®)

where W represents the FC-layer parameters shared by F; and F,, projecting them from c-
dimensional to ¢’-dimensional space. Then, the enhanced query features I:"q € Rbxexhixwy
are obtained using the following approach:

A = softmax ( (<FqW) . (FS/W)T) >

F,=F,+ o xAF] 9)

where « is a learnable parameter initialized to 0. The F; are fed into the RPN for the train-
ing and get proposals P. Then we got the proposal feature q/ = Q(Align(ﬁq,P)), where Q
is backbone network after align, while Align stands for the ROIAlign operation. Finally,
proposal feature c]' is implemented for the regression training:

£reg =L (freg<q/)7b) (10)
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) split 1 split 2 split 3
Methods 1 2 3 5 10| 1 23 s 10 | 1 2 3 510
FSRW [19] ICCVIO | 148 155 267 3390 472 | 157 153 227 301 405 | 213 256 284 428 459
MetaRCNN [42]  ICCVI9 | 199 255 350 457 515|104 194 296 348 454 | 143 182 275 412 481
TFA w/ cos [35] ICML20 | 398 361 447 557 560|235 269 341 351 391|308 348 428 495 498
MPSR [38] ECCV20 | 417 - 514 552 618|244 - 392 399 478|356 - 423 480 497
DCNet [18] CVPR2I | 339 374 437 511 596|232 248 306 367 466|323 349 397 426 507
QA-FewDet[12]  ICCV2l | 424 519 557 626 634|259 378 466 489 511|352 429 478 548 53.5
FSCE [34] CVPR21 | 442 438 514 619 634|273 295 435 442 502|372 419 475 546 585
DeFRCN [27] ICCV21 | 536 575 615 641 608 | 30.1 38.1 470 533 479 | 484 509 523 549 574
KFSOD [47] CVPR22 | 446 452 544 609 658 | 37.8 384 431 481 504|348 427 441 527 539
MRSN [25] ECCV22 |47.6 486 578 619 626|312 383 467 471 506|355 309 456 544 574
Meta FR-CNN [13] AAAI22 | 430 546 60.6 661 654|277 355 461 478 514|406 464 534 599 586
G-ADP [6] ICCV23 | 523 555 63.1 659 667|427 458 487 548 563 | 478 518 568 603 624
ICPE [24] AAAI23 | 543 595 624 657 662|335 40.1 487 517 525|509 531 553 60.6 60.1
VFA [14] AAAI23 | 577 646 647 672 674|414 462 511 518 516|489 548 566 590 589
FPD [37] AAAI4 | 481 622 640 67.6 684|298 432 477 520 539|449 538 581 616 629
FM-FSOD [11] CVPR24 | 40.1 535 570 68.6 72.0 | 331 363 488 548 647|392 502 557 634 68.1
CPL Ours work | 60.6 682 695 709 702|430 515 555 559 569 | 54.0 585 609 641 63.0

Table 1: Few-shot object detection performance (nAP50) on PASCAL VOC dataset. We
evaluate the performance on three different splits. The best and second-best results are col-
ored red and blue.

where £ stands for the smoothl1loss, b is the ground truth bounding boxes. This design en-
hances the scale information of the feature with support features, which contain the sample-
specific scale information. The fused feature can achieve better regression performance for
object detection.

Classification Task Condional prototypes containing generalized category information
can significantly enhance and benefit the classification task. In addition the features after
MCVA restored contain richer category information. We utilize the proposal feature g and
the restored feature x’ from the MCVA to improve sample diversity and enrich feature repre-
sentations to effectively improve the classification performance. It is worth noting that g and
¢’ are acquired differently. g is an Align operation performed on the original feature F, (i.e.,
q = Q(Align(F,,P))). The loss function is formulated as follows:

Lets = Lep(Fas(q@cepi),c) + ALcg(Fus(X @cpi),c) (1D

where L;; represents the cross-entropy loss. ¢ represents ground truth category of the object.
The conditional prototype cp; is derived from Eq. 3, ® denotes channel-wise multiplication.

3.5 Optimization Objective

Our few-shot object detection framework follows a two-stage training paradigm: base class
training and novel class fine-tuning. In this work, during the novel class fine-tuning phase,
we freeze the backbone network while fine-tuning the remaining components. The training
settings for the novel class are the same as the base class training. The overall optimization
objective of our model is defined as follows, where LX*N and E‘fegN are the classification and
regression losses in RPN:

L= E?[I:N + El}egN + ‘Ccls + L’Eg + ‘CMCVA (12)

By jointly training the MCVA and TFA modules, our model effectively refines the se-
mantic bias in prototypes while simultaneously enhancing features for classification and
regression tasks through distinct mechanisms, leading to more robust and accurate detec-
tion. As a result, the proposed Conditional Prototype Learning (CPL) framework achieves
superior performance on the Few-Shot Object Detection (FSOD) task.
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Shot . shot
Methods 10 30 mask_ratio | 2 3 5 10
Fine-tuning 0 589 646 68.2 69 69.3
TFA [35] ICML20 10.0 13.7 0.2 59.2 673 685 698 69.1
MPSR [38] ECCV20 9.8 14.1 0.5 60.6 68.2 69.5 709 70.2
FSCE [34] CVPR21 11.1 153 0.9 56.6 646 679 711 699
EEZE%N[i%] ICCVCP\I/{2212 }gg ;gg Table 3: Analysis of mask ratio in MCVA.
Meta-learnin shot
Meta RCNN g[42] ICCVI9 | 87 124 Method  MCVA  TFA | 3 5
FsDetView [39] ECCV20 12.5 14.7 Baseline 40.2 540 550
QA-FewDet [12] ICCV21 11.6 16.5 Ve 53.0 67.5 699
Meta FR-CNN [13] AAAI22 12.7 16.6 Ours v 532 652 683
VFA [14] AAAI23 16.2 18.9 v v 60.6 69.5 709
FPD [37] AAAI24 16.5 20.1
CPL Ours work | 17.8 21.3 Table 4: Ablation study of different compo-
nents.
Table 2: Few-shot detection performance for = .
the novel classes on MS COCO dataset. The Method Enceoxéer 1 2 ) 30t 510
upper half is the Fine-tuning method and the wloreference | 549 643 674 69.1 689
. > Ours  CLIP [28] 60.6 682 695 709 70.2
lower half is the meta-learning method. Word2Vec [26] | 564 662 675 69.6 69.0

Table 5: Analysis of different text encoders.

4 Experiments

4.1 Experimental Setting

Benchmarks. As in previous work, we conduct related experiments on two widely used
public object detection datasets, PASCAL VOC [7] and MS COCO [21]. We use the data
splits and annotations provided by TFA for fair comparisons.

PASCAL VOC. The dataset contains a total of 20 classes, and the 20 classes are di-
vided into 3 groups, each group consisting of 15 base classes and 5 novel classes. And the
VOC2007 and VOC2012 train/val sets are used for training and the VOC2007 test set is used
for evaluation. For each novel class set, we have K={1, 2, 3, 5, 10} shots settings. Calculate
the Average Precision (IoU=0.5) for the novel classes as the performance evaluation metric.

MS COCO. The dataset contains 80 classes, with the 20 classes intersecting the PAS-
CAL VOC as novel classes and the other 60 classes as base classes. For each novel class
set, we have K=10, 30 shots settings. Calculate the Average Precision (IoU=0.5:0.95) for the
novel classes as the performance evaluation metric.

Implementation Details. Our approach is realized by MMDetection [4]. We use ResNet-
101 [15] pre-trained on ImageNet as the backbone. We resize the query images to a maxi-
mum of 1333 x800 pixels and adjust the size of cropped instances from the support images
to 224x224 pixels. The text encoder uses CLIP-ViT-B/32 [28]. Our model is trained on
2xRTX3090 Nvidia GPUs with a total batch size of 8 using the SGD optimizer. During the
base training stage, the hyperparameter 4=0.2 and the model is trained for 30k/165k iter-
ations on the VOC and COCO datasets. The learning rate is set to 0.005 and decays by a
factor of 0.1 at 17k/92k iterations. In the fine-tuning stage, the learning rate is set to 0.001
and the A=0.5 for 1shot settings, 1=0.2 for other settings. Unless otherwise specified, we
keep other hyperparameters the same as Meta R-CNN [42].
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Figure 3: Detection performance varies with different training samples. And conducted
training under the 1-shot setting, using the Standard Deviation (std) to measure stability.
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Figure 4: Analysis of different aggrega- Table 6: Analysis of the hyperparameter A.
tion methods.

4.2 Main Results

PASCAL VOC. Table 1 shows the experimental results on Pascal VOC, where our
method significantly outperforms previous methods and achieves the best (12/15) in most
settings. Compared to the previous best results, our approach achieves a maximum improve-
ment of 5.3% (split 2 2-shot), demonstrating its effectiveness.

MS COCO. Table 2 shows the experimental results on COCO. Our method outperforms
all meta-learning based methods and outperforms the vast majority of fine-tuning based
methods, and is only about 1% lower than DeFRCN. Our methods focuses on the proposed
two components and does not use advanced techniques. For example, DeFRCN’s gradient
decoupling or the transformer based architecture. Also, the COCO dataset is very challeng-
ing and we believe that other improvements can be made to further enhance the performance.

4.3 Analyses

We conducted a series of comprehensive experiments on Pascal VOC to validate the effec-
tiveness of the proposed method. If not stated otherwise, the experiments were conducted in
the splitl setting by default.

Ablation Study of Different Components. We show the results of different components
applied to the baseline Meta RCNN [42] in Table 4. It can be seen that the introduction of
MCVA significantly enhances the overall model performance. Building on this, the addition
of TFA further achieves the best performance.

Analysis of Different Text Encoders. We implement CLIP [28] to get word embeddings
as a semantic reference. In this experiment, we implement Word2Vec [26] for comparison.
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The results are shown in Table 5. Both the word embedding methods help the model achieve
better performance, while CILP performs better.

Analysis of Sample Sensitive. To validate the influence of different training samples
in our model, we choose different samples with a semantic bias for novel classes for 1-shot
learning. The results are shown in Fig. 3, where VFA [14] is implemented for comparison.
From the results, we can observe that the detection results fluctuate along with different
training samples, which shows the influence of sample-specific particularities. Our model
achieves more stable performance with different training samples, which demonstrates the
effectiveness of our method.

Analysis of Task-aware Feature Aggregation. We evaluate the aggregation strategies
of TFA to search for relations between different features and tasks. Specifically, in the ex-
periments, three different aggregation strategies are conducted. Aggregation 1 aggregates
the conditional prototype with CAE-enhanced features for classification. Aggregation 2 ex-
tends aggregation 1 by further utilizing the aggregated features for regression. Aggregation
3 aggregates the conditional prototype with the original features for classification (same as
the model setting). The experimental results are shown in Fig. 4, where the setting of the
proposed TFA achieves the best performance. The experiments show the effectiveness of
the CAE-enhanced features for regression and prototype features for classification in the
detection task.

Analysis of Mask Ratio in MCVA. We conducted the hyper-parameter analysis of A of
Eq. 11, the results are shown in Table 4. It can be found that the model achieves the best
performance with the parameter set as 0.5. Additionally, when the 5/10-shot settings are
implemented, the difference is not significant. These results show the MCVA can properly
reduce the semantic bias, especially on scarce samples. Additionally, when the masking ratio
is set to 0.9, the model still achieves similar performance as the low mask rates, which proves
the semantic reference can help restoration of features. Thus, the semantic information is
properly fused into the model.

Hyperparameter Analysis. In this experiment, we analyze the influence of hyper-
parameter A in Eq. 11. The results are shown in Table 6, where the overall performance
of the model is best for A = 0.2.

5 Conclusion

In this paper, we explore the issue of semantic bias in class prototypes for few-shot object
detection (FSOD) under the meta-learning paradigm. To mitigate this problem, we propose
MCVA to generate robust conditional prototypes based on conditional references, enhanc-
ing the model’s generalization ability to novel classes. Additionally, we introduced TFA to
optimize the feature representation for the regression and sub-tasks respectively. By com-
bining MCVA and TFA, our CPL strategy achieves state-of-the-art performance. Extensive
experiments on PASCAL VOC and MS COCO validate its effectiveness.
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