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Abstract
One-shot object detection (OSOD) aims to detect all object
instances towards the given category specified by a query im-
age. Most existing studies in OSOD endeavor to establish ef-
fective cross-image correlation with limited query informa-
tion, however, ignoring the problems of the model bias to-
wards the base classes and the generalization degradation on
the novel classes. Observing this, we propose a novel algo-
rithm, namely Base-class Suppression with Prior Guidance
(BSPG) network to achieve bias-free OSOD. Specifically, the
objects of base categories can be detected by a base-class
predictor and eliminated by a base-class suppression mod-
ule (BcS). Moreover, a prior guidance module (PG) is de-
signed to calculate the correlation of high-level features in
a non-parametric manner, producing a class-agnostic prior
map with unbiased semantic information to guide the sub-
sequent detection process. Equipped with the proposed two
modules, we endow the model with a strong discriminative
ability to distinguish the target objects from distractors be-
longing to the base classes. Extensive experiments show that
our method outperforms the previous techniques by a large
margin and achieves new state-of-the-art performance under
various evaluation settings.

Introduction
Benefiting from the flourishing of deep convolutional neural
networks, object detection has made tremendous progress
over the past few years (Ren et al. 2015; Redmon et al. 2016;
He et al. 2017). Nevertheless, most of the advanced meth-
ods heavily rely on large-scale labeled datasets (Deng et al.
2009; Lin et al. 2014), and they may struggle with new appli-
cations where novel-class objects are not witnessed during
the training phase. In light of the powerful cognitive ability
of humans to recognize new objects with only a few exam-
ples, few-shot learning (FSL) has emerged as a promising
technique (Vinyals et al. 2016; Sung et al. 2018). FSL con-
structs models that can generalize to new classes with lim-
ited annotated data, offering a potential solution for object
detection in scenarios involving novel-class objects.

In this paper, we undertake the application of FSL in
the field of object detection, termed one-shot object detec-
tion (OSOD), where the model aims to detect all instances
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Figure 1: Comparison between existing frameworks and
ours. Existing models mostly exhibit a preference for famil-
iar base class (e.g., person) rather than novel objects spec-
ified by the query image (e.g., horse). We propose a base-
class suppression module to eliminate base-class distractors,
and a non-parametric prior guidance module to generate a
class-agnostic prior map to guide the detection process.

of the given category specified by only one query image
patch. In recent years, the field of few-shot object detec-
tion has thrived (Fan et al. 2020a; Chen et al. 2021; Han
et al. 2022), in which prevalent approaches often incorpo-
rate transfer-learning, meta-learning, and metric-learning to
deal with the task. Most existing works in OSOD adopt the
metric-learning paradigm and recognize new objects based
on the similarity metrics between image pairs without fine-
tuning (Hsieh et al. 2019; Zhang et al. 2022b; Yang et al.
2022). However, they are generally dedicated to explor-
ing effective cross-image feature correlation to better use
the limited information, neglecting the phenomenon of the
model bias towards the base classes and the generalization
degradation on the novel classes (Fan et al. 2021; Lang et al.
2022). Due to the extremely unbalanced distribution of base
and novel-class datasets, the learned model will inevitably
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fit the feature distribution of the abundant training data and
tend to exhibit a preference for the base classes over the
given novel category. As illustrated in Fig. 1(a), the conven-
tional OSOD model easily suffers from false positive de-
tections on the base-class objects, leading to a decrease in
performance for novel categories.

To address the aforementioned problems, we tackle the
OSOD task from a new perspective, improving the model by
suppressing the distractors belonging to base classes. Specif-
ically, a complementary branch named base-class predictor
is introduced to detect the objects of base classes, which is
pre-trained on the base-class dataset following a traditional
paradigm. Then, we rectify the coarse detection results de-
rived from the general OSOD network (novel-class predic-
tor) by Base-class Suppression (BcS) module. As shown in
Fig. 1(b), equipped with the BcS module, the falsely de-
tected objects are obviously suppressed, thus realizing accu-
rate detection for the specified novel category and explicitly
mitigating the model bias problem.

Rather than pursuing well-designed interaction, which
may involve numerous learnable parameters and potentially
lead to a bias towards the base classes, we propose a non-
parametric prior guidance module to facilitate the recogni-
tion of novel classes. In this module, we calculate the seman-
tic relation between high-level features to generate a class-
agnostic prior map, in which the regions of target features
belonging to the co-existing objects can be activated, as il-
lustrated in Fig. 1(b). The prior map with unbiased semantic
cues can guide the subsequent detection procedure and help
the model distinguish target objects from the background.
Since the prior generation is non-parametric, the model can
learn more general patterns and retain generalization ability,
thereby implicitly alleviating the bias problem. By integrat-
ing these two proposed modules, we establish a novel OSOD
framework, termed Base-class Suppression with Prior Guid-
ance (BSPG) network. These two components complement
each other to promote bias-free OSOD and enhance gener-
alization for novel classes. In summary, our main contribu-
tions can be summarized as follows:
• We propose a BSPG network to address the model bias

towards base classes problem, which has been neglected
in previous works on OSOD.

• We introduce a base-class predictor to detect the objects
of base classes, and a base-class suppression module to
eliminate them, facilitating the detection of novel objects.

• We design a non-parametric prior guidance module to
generate a class-agnostic prior map with unbiased se-
mantic cues and guide the detection procedure.

• Extensive experiments illustrate that our proposed ap-
proach yields new state-of-the-art results, which validate
its effectiveness and robustness.

Related Work
General Object Detection. Object detection aims to locate
objects of seen classes and assign a category label to each
object instance. General detectors can be broadly divided
into two streams: one-stage methods (Liu et al. 2016; Red-
mon and Farhadi 2017; Duan et al. 2019) and two-stage

ones (Girshick 2015; Ren et al. 2015). Currently, OSOD is
still in its early stage of research. To pursue a high algorithm
accuracy, our model is developed based on the two-stage de-
tector of Faster R-CNN (Ren et al. 2015).
Few-Shot Object Detection. Few-shot object detection
(FSOD) performs object detection on a target image con-
ditioned on a limited number of query images. Existing
FSOD methods can be generally categorized into three di-
rections: transfer learning, meta learning, and metric learn-
ing methods. The transfer-learning based model is initially
pre-trained on abundant base data and subsequently fine-
tuned on a limited set of novel examples. DeFRCN (Qiao
et al. 2021) performs decoupling among multiple mod-
ules of Faster R-CNN to boost performance. The meta-
learning based methods are dedicated to learning efficient
meta knowledge and fostering adaptation to novel cate-
gories. Meta R-CNN (Yan et al. 2019) extends Faster R-
CNN by applying channel-wise attention to reweight the
RoI features. The metric-learning based methods focus on
exploring cross-image correlations to directly detect novel
objects without fine-tuning. BHRL (Yang et al. 2022) pro-
poses a multi-level relation module to establish semantic re-
lations. OSOD, as an extreme case of FSOD, involves the
localization and classification for novel objects with only
one sample. Recent researches (Sun et al. 2021; Yang et al.
2021) suggest that the box regressor is capable of accurately
localizing objects. Owing to the seriously unbalanced data
distribution, the primary source of generalization degrada-
tion is misclassifying the instances of base classes as objects
of interest. Therefore, we employ a base-class predictor to
explicitly detect the base-class objects and further suppress
them, and perform prior guidance in a non-parametric man-
ner to generate unbiased prior knowledge.

Method
Problem Definition
Following the common configurations in previous litera-
ture (Yang et al. 2022), the object classes of the dataset are
partitioned into two disjoint parts Cb ∩ Cn = ∅. Here, Cb de-
notes base classes with abundant annotated data for training,
and Cn represents novel classes with only one instance per
category. We train our model with the episodic paradigm,
where each episode contains a target-query pair. The one-
shot object detector is expected to identify all instances of
the same category specified by the query image q in the tar-
get image I . The model is continuously optimized using nu-
merous available data of base classes Cb during the training
phase. Once the training is completed, the detector can di-
rectly predict the objects of novel classes Cn in the target
image conditioned on one query image without fine-tuning.

Overview
Fig. 2 sketches the overall architecture of our BSPG net-
work. It comprises four essential components: a base-class
predictor, a novel-class predictor, a base-class suppression,
and a prior guidance module. We apply the two-stage train-
ing strategy to train the base and novel predictors, respec-
tively. In the first stage, we optimize the base-class predic-
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Figure 2: The overall architecture of the proposed BSPG, which contains four key components: a base-class predictor, a novel-
class predictor, a base-class suppression, and a prior guidance module. Based on the base-class predictions, we refine the coarse
novel-class predictions by base-class suppression to yield the final prediction results. Meanwhile, the prior guidance module
generates a class-agnostic prior map, providing unbiased semantic cues to effectively guide the subsequent detection procedure.

tor on the base-class dataset following the traditional Faster
R-CNN paradigm. For the second stage, we fix the param-
eters of the base predictor and only optimize the novel pre-
dictor and the BcS module. Concretely, the two predictors
are deployed to respectively identify the objects of base and
novel classes. Then, we rectify the coarse detection results
obtained from the novel predictor by base-class suppression
to yield the final results. Meanwhile, the non-parametric PG
module calculates the cross-image correlation between high-
level features and generates a class-agnostic prior map. The
prior map serves as an indicator, providing unbiased seman-
tic hints to guide the detection process effectively.

Base-class Suppression
Base-class Predictor. To alleviate the performance degra-
dation caused by misclassifying base-class instances as tar-
get objects, we introduce a base-class predictor. This branch
is specifically designed to explicitly detect objects belonging
to the base categories. However, we noticed that the propos-
als generated by the base-class predictor are mostly active in
the base categories, which may burden the following classifi-
cation task for novel-class detection. For simplicity, we only
focus on handling misclassification produced by the novel-
class predictor. Therefore, the RPN of the base predictor is
removed in the second training phase, and the proposals gen-
erated by the novel predictor are delivered to the base predic-
tor for further proposal features retrieval and classification.
The base-class classifier F cls

B yields the base-class classifi-
cation results for proposal features PB :

YB = F cls
B (PB) ∈ RK×(1+S), (1)

where K is the number of proposals, S denotes the number
of base categories (equaling 60 for COCO dataset (Lin et al.

2014), and equaling 16 for VOC dataset (Everingham et al.
2010) under 1-shot setting), and YB denotes the base-class
prediction probability over S categories.

Novel-class Predictor. Given a query image q and a tar-
get image I , the novel-class predictor aims to detect the
object instances in I towards the given category specified
by q. Specifically, the features ϕ(q), ϕ(I) extracted by the
siamese ResNet-50 (He et al. 2016) with feature pyramid
network (FPN) (Lin et al. 2017) are fed into the matching
module (Michaelis et al. 2018), intending to accomplish fea-
ture matching.

Fdiff =|ϕ(I)−GAP (ϕ(q))|, (2)
Fmatch =Conv([Fdiff , ϕ(I)]), (3)

where | · | denotes the absolute value operator, GAP denotes
global average pooling operation, Conv denotes convolu-
tional layers, Fdiff denotes pointwise L1 difference, and
[·, ·] denotes concatenation operation. By propagating the
discriminative similarity feature Fmatch to RPN, it can gen-
erate more expected proposals with high potential including
target objects, and filter out negative objects not belonging
to the query category. Then we use the RoI Align layer to
obtain proposal features PN based on the proposals.

To distinguish whether the proposals belong to the tar-
get category or not, we follow BHRL (Yang et al. 2022)
to introduce a hierarchical relation module A consisting of
contrastive-level, salient-level, and attention-level correla-
tions. The goal is to comprehensively measure the semantic
relation and re-score proposals. Specifically, for contrastive-
level relation Ac, we compute the absolute difference be-
tween the query vector and each position of the proposal
feature PN . For salient-level relation As, the query feature
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QN is regarded as a convolution kernel to generate the rele-
vant features with proposal feature PN in a depth-wise man-
ner (Fan et al. 2020a). For attention-level one Aa, we calcu-
late spatial attention matrix Ws to reweight the query feature
and further compute the absolute difference.

A(PN , QN ) = [Ac(PN , QN ),As(PN , QN ),Aa(PN , QN ), PN ], (4)

Ac(PN , QN ) =Conv(|GAP (QN )− PN |), (5)
As(PN , QN ) =Conv(GAP (QN )⊗ PN ), (6)
Aa(PN , QN ) =Conv(|WsQN − PN |), (7)

Ws = softmax((Conv(PN ))TConv(QN )), (8)
where ⊗ represents the features correlation in a depth-wise
manner. Subsequently, we deliver the relation features to the
novel-class classifier F cls

N and obtain the coarse novel-class
classification results YN :

YN = F cls
N (A(PN , QN )) ∈ RK×2. (9)

Base-class Suppression. The BcS module is designed to
eliminate the false predictions on the base classes. For each
proposal, if the proposal whose highest base-class prediction
probability over S categories (excluding the background) is
more than threshold α, base-class result B equals the corre-
sponding highest base-class prediction score, otherwise 0.

B =

{
max

i∈{1,2,...,S}
(Y i

B) max
i∈{1,2,...,S}

(Y i
B) > α

0 otherwise
, (10)

where α is set to 0.3 for COCO dataset and 0.7 for VOC
dataset. Finally, the coarse detection results YN derived from
the novel-class predictor are rectified by the base-class sup-
pression, resulting in the final results YF :

YF =[Y f
F , Y b

F ] = [Ψf (Y
f
N ,B),Ψb(Y

b
N ,B)], (11)

Y f
F =W f

N ∗ Y f
N +W f

B ∗ B, (12)

Y b
F =W b

N ∗ Y b
N +W b

B ∗ B, (13)

where Y f
N and Y b

N denote the foreground and background
probability predicted by the novel-class predictor, respec-
tively. Ψf and Ψb are learnable fully connected layers,
which are deployed to refine the coarse novel-class scores
by suppressing false predictions on the base-class objects.
As expected in our experiment, when B is greater than 0,
the learnable weight W f

N is positive and W f
B is negative

to decrease the final foreground score Y f
F . Conversely, the

weight W b
N is positive and W b

B is also positive to increase
the background score, aiming to suppress base-class objects.
The BcS module adaptively learns to assign the weight to the
base and novel-class prediction results. The higher the base-
class confidence score, the more obviously it is suppressed.

Loss Function. For the second stage, the overall loss for
training our model can be expressed by:

L = LRPN
N + LROI

N , (14)

LROI
N = LReg

N + λ1LRP
N (YN , G) + λ2LRP

F (YF , G), (15)

（a）

Prior Map Query Prior MapQuery

（b）

（c） （d）

（e）

Aeroplane
Motorcycle

Car

Bird
Zebra

Bicycle

（f）

Figure 3: Visualizations of the prior map generated by our
prior guidance module via high-level features correlation.
We show the query image and prior map from left to right.

where LRPN
N is the RPN loss of Faster-RCNN, and LROI

N
contains the classification and regression losses in the ROI
head of the novel predictor. LReg

N is the regression loss,
LRP
N and LRP

F are the ratio-preserving losses defined in
BHRL (Yang et al. 2022) for evaluating the coarse novel-
class and final classification results, respectively. G denotes
the ground-truth label. λ1 and λ2 are set to 0.5.

Prior Guidance
We observe that the well-designed modules with many
learnable parameters in current prevalent OSOD models
may inevitably introduce a bias towards base classes, hinder-
ing the accurate detection of novel classes. Inspired by (Tian
et al. 2022), we propose a non-parametric prior guidance
module to mine semantic correlations without sacrificing
generalization ability. Concretely, our network adopts the
ResNet-50 (He et al. 2016) as a frozen backbone Φ to
encode high-level features Φ(q) and Φ(I) from the raw
image-pair, where the parameters are pre-trained on the re-
duced ImageNet following the OSOD settings (Yang et al.
2022). Next, we calculate the element-wise relation map
R ∈ RHh

I Wh
I ×Hh

q Wh
q between Φ(I) ∈ RCh×Hh

I ×Wh
I and

Φ(q) ∈ RCh×Hh
q ×Wh

q using cosine similarity function:

R = Θ(Φ(I))TΘ(Φ(q)), (16)

where Θ denotes the L2 normalization. For each element
in the target feature Φ(I), we select the maximum similarity
among all elements of the query feature as the relation values
to generate the prior map P ∈ RHh

I Wh
I ×1:

P = max
j∈{1,2,...,Hh

q Wh
q }

R(i, j). (17)

A high activation value in P for an element of the target
feature indicates that this element has an intense correlation
with at least one element in the query feature (Tian et al.
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Method Base class Novel class
split-1 split-2 split-3 split-4 Average split-1 split-2 split-3 split-4 Average

CoAE (Hsieh et al. 2019) 42.2 40.2 39.9 41.3 40.9 23.4 23.6 20.5 20.4 22.0
AIT (Chen, Hsieh, and Liu 2021) 50.1 47.2 45.8 46.9 47.5 26.0 26.4 22.3 22.6 24.3
SaFT (Zhao, Guo, and Lu 2022) 49.2 47.2 47.9 49.0 48.3 27.8 27.6 21.0 23.0 24.9

BHRL (Yang et al. 2022) 56.0 52.1 52.6 53.4 53.5 26.1 29.0 22.7 24.5 25.6
BHRL∗ (Yang et al. 2022) 56.3 52.3 52.5 53.2 53.6 26.2 28.5 22.3 24.6 25.4

Ours 57.1 54.1 54.0 54.6 55.0 27.7 30.7 24.6 26.3 27.3

Table 1: Performance comparison with OSOD methods on the COCO dataset in terms of AP50 score (%). ∗ represents our
re-implemented results with the code released by the authors.

Method Base class Novel class
plant sofa tv car bottle boat chair person bus train horse bike dog bird mbike table mAP cow sheep cat aero mAP

CoAE 24.9 50.1 58.8 64.3 32.9 48.9 14.2 53.2 71.5 74.7 74.0 66.3 75.7 61.5 68.5 42.7 55.1 78.0 61.9 72.0 43.5 63.8
AIT 46.4 60.5 68.0 73.6 49.0 65.1 26.6 68.2 82.6 85.4 82.9 77.1 82.7 71.8 75.1 60.0 67.2 85.5 72.8 80.4 50.2 72.2

BHRL 57.5 49.4 76.8 80.4 61.2 58.4 48.1 83.3 74.3 87.3 80.1 81.0 87.2 73.0 78.8 38.8 69.7 81.0 67.9 86.9 59.3 73.8
BHRL∗ 57.0 53.1 77.9 82.4 61.2 59.1 48.0 83.7 75.0 86.9 80.8 81.3 85.7 70.2 76.1 41.2 70.0 81.0 65.9 85.4 58.1 72.6

Ours 55.0 55.6 78.3 81.4 62.5 59.5 50.9 81.7 74.7 87.5 82.1 81.0 85.2 73.9 79.1 39.5 70.5 80.6 67.4 84.6 61.4 73.5

Table 2: Performance comparison with OSOD methods on the PASCAL VOC dataset in terms of AP50 score (%). ∗ represents
our re-implemented results with the code released by the authors.

2022). As illustrated in Fig. 3, for groups (a-d), given differ-
ent query images for the same target image, the correspond-
ing target regions in the prior maps can be respectively ac-
tivated, which validates the powerful generalization ability.
The target images in groups (e-f) include multiple small ob-
jects or large objects, respectively. Our prior map can serve
as an indicator that coarsely locates the objects of interest
despite the complex scenarios containing scale variations
and appearance changes, which proves the effectiveness and
robustness of our module. Notably, the above steps are in-
dependent of the training process to maintain generalization
ability and mitigate the bias problem.

Then, we normalize the values of the prior map to be-
tween 0 and 1, and reshape the map to match the shape of
target feature ϕ(I) using an interpolation operation. Finally,
the prior map is treated as guidance to reweight the target
feature in the ROI head, facilitating the subsequent proposal
features retrieval and novel-class classification.

ϕ̂(I) = Freshape(Fnorm(P))⊙ ϕ(I), (18)

where ⊙ stands for element-wise multiplication.

Experiments
Datasets and Settings
Datasets and Evaluation Metrics. For a fair comparison,
we follow the protocol in previous works (Hsieh et al. 2019;
Chen, Hsieh, and Liu 2021; Zhao, Guo, and Lu 2022; Yang
et al. 2022) to implement our method. Our model is trained
and tested on two widely used datasets, namely COCO (Lin
et al. 2014) and PASCAL VOC (Everingham et al. 2010).
Following previous works, we report AP50 to evaluate per-
formance on these two datasets.

Implementation Details. Our training process consists of
two phases, base-training and novel-training. Specifically,

for the base-training phase, we adopt Faster R-CNN (Ren
et al. 2015) with FPN (Lin et al. 2017) as our base frame-
work, and ResNet-50 as our backbone. In line with previous
works (Hsieh et al. 2019; Yang et al. 2022), the backbone
is pre-trained on the reduced ImageNet (Deng et al. 2009),
where we remove all COCO-related classes to guarantee that
the model does not foresee the novel-class objects. Follow-
ing the general object detection paradigm, we train the base-
class predictor on each group of base classes for 15 epochs.
For the second phase, the parameters of the base predictor
and the PG module are fixed, and the backbone weights of
the novel predictor are initialized from the base predictor.
The parameters of the novel predictor and the BcS mod-
ule are further optimized for 8 epochs. For both phases, we
adopt SGD as the optimizer with a batch size of 16, and a
momentum of 0.9. The learning rate starts at 0.02 and de-
cays by a factor of 10 at the 7th epoch.

Target-query Pairs. We apply the same strategy as (Hsieh
et al. 2019; Yang et al. 2022) to generate the target-query
image pairs. In the novel-training stage, given a target im-
age from the datasets, we randomly choose one query patch
containing any of the same base-class in the target image. In
the testing stage, for each novel-class in a target image, the
query images of the same class are shuffled with a random
seed of target image ID, then the first five query images are
respectively chosen to pair with the target image. We evalu-
ate the model on these image pairs and take the average of
scores as the stable results.

Comparison with State-of-the-art Methods
Comparison with OSOD Methods. Our approach is
mainly oriented towards complex scenarios involving multi-
ple categories. The challenging COCO dataset, which typi-
cally contains diverse objects, is suitable for validating our
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Figure 4: Comparison of qualitative one-shot object detection results for novel classes between BHRL (Yang et al. 2022) and
our proposed approach. Each row from top to bottom denotes the query image, the detection results of BHRL and our model
(yellow box), and ground truth (green box). Groups (a-d) are from COCO dataset, and group (e) is from PASCAL VOC dataset.

ideas. Following the common practice (Yang et al. 2022), we
equally divide the 80 classes into four groups, and take three
groups as base classes and one group as novel classes in
turns. The results are presented in Tab. 1, our model signifi-
cantly outperforms the state-of-the-art BHRL by 1.4% AP50

on base classes and 1.9% AP50 on novel classes, demonstrat-
ing its remarkable ability to handle complex scenarios. For
the PASCAL VOC dataset, the 20 classes are divided into
16 base and 4 novel classes (Yang et al. 2022). As shown in
Tab. 2, the proposed method achieves 0.5% and 0.9% AP50

improvements over the best model BHRL on the base and
novel classes, respectively. We believe that the gains mainly
stem from the explicit suppression of base-class distractors,
which is especially effective in scenes consisting of both
base and novel classes. Since most images in the PASCAL
VOC dataset exhibit relatively simple scenarios with no dis-
tractors from base classes, as shown in group (e) of Fig. 4.
As expected, the improvements are not as significant as that
on the COCO dataset.

Qualitative Results. To better comprehend our proposed
model, we visualize the detection results in Fig. 4. In groups
(a-c), the baseline method is easily distracted by base-class
objects and tends to misclassify the distractors as objects
of interest. In contrast, our model exhibits great superior-
ity in distinguishing target objects from distractors, which
is attributed to the base-class suppression module. Besides,
the crowded scenes and appearance variations are also chal-
lenges for OSOD task. As shown in groups (d-e), the base-
line method neglects some objects in crowded scenes. While
our model successfully identifies multiple objects and ac-

curately localizes them, despite significant variations in ap-
pearance, scale, and shape between query and target images.

Comparison with FSOD Methods. Additionally, our
model can be easily extended to few-shot settings. When
several query images are available, we simply take the aver-
age of multiple query features before interacting with target
features. We compare our BSPG with other advanced FSOD
methods on the COCO dataset and strictly adopt the same
protocol to ensure a fair comparison. Note that some FSOD
algorithms (Xiao and Marlet 2020; Zhang et al. 2022a; Qiao
et al. 2021) consider the task as a multi-classification and
localization problem. They first train the model on abun-
dant base data and then fine-tune it on limited novel data.
The dependence on the fine-tuning process somewhat limits
the application scenarios. While we treat the task as a two-
classification and localization problem (Yang et al. 2022),
similar to (Fan et al. 2020a; Chen et al. 2021), to better sim-
ulate the real-world application. Our approach only uses the
base-class data for training and directly predicts novel-class
objects guided by a query image without fine-tuning. The
experiments are implemented with the same data split as
in (Xiao and Marlet 2020; Zhang et al. 2022a; Qiao et al.
2021; Fan et al. 2020b,a; Chen et al. 2021), where the 20 cat-
egories overlapped with PASCAL VOC are treated as novel
classes. As shown in Tab. 3, the proposed approach achieves
state-of-the-art results among all settings, and surpasses the
previous best competitor DAnA (Chen et al. 2021) by 3.5%,
4.6%, 5.0% AP50 under 1-shot, 3-shot, and 5-shot settings,
respectively, validating the superiority of our approach.

The consistent gains in both OSOD and FSOD fields in-
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Method Category of classification 1-shot 3-shot 5-shot
AP AP50 AP75 AP AP50 AP75 AP AP50 AP75

FSDetView (Xiao and Marlet 2020) Multi-classification 4.5 12.4 2.2 7.2 18.7 3.7 10.7 24.5 6.7
Meta-DETR (Zhang et al. 2022a) Multi-classification 7.5 12.5 7.7 13.5 21.7 14.0 15.4 25.0 15.8

DeFRCN (Qiao et al. 2021) Multi-classification 9.3 - - 14.8 - - 16.1 - -
FGN† (Fan et al. 2020b) Two-classification 8.0 17.3 6.9 10.5 22.5 8.8 10.9 24.0 9.0

Attention RPN† (Fan et al. 2020a) Two-classification 8.7 19.8 7.0 10.1 23.0 8.2 10.6 24.4 8.3
DAnA (Chen et al. 2021) Two-classification 11.9 25.6 10.4 14.0 28.9 12.3 14.4 30.4 13.0

Ours Two-classification 15.5 29.1 14.8 18.3 33.5 17.9 19.1 35.4 18.2

Table 3: Performance comparison with FSOD methods on the COCO dataset for novel class in terms of AP, AP50 and AP75(%).
† represents the results reported in DAnA (Chen et al. 2021).

BcS PG AP50

28.5
✓ 30.0

✓ 29.4
✓ ✓ 30.7

Table 4: Ablation study for
each module in our model.

λ1 λ2 AP50

1 0 27.8
0.5 0.5 30.7
0 1 29.9
1 1 30.1

Table 5: Ablation study for
different values of λ1 and λ2

in the loss function.

dicate that our model possesses a superior detection capa-
bility to identify novel objects, benefiting from the effective
base-class suppression and unbiased prior guidance. Thus,
resolving the model bias towards base classes is a promising
direction worth exploring.

Ablation Study
We conduct a series of ablation studies on the split-2 of the
COCO dataset for novel classes under 1-shot setting follow-
ing the previous works (Hsieh et al. 2019; Yang et al. 2022).

Impact of Each Module. Tab. 4 shows the impact of the
proposed Base-class Suppression (BcS) and Prior Guidance
(PG) module on overall performance. Compared with the
baseline, the BcS module brings a decent performance gain
of 1.5% AP50, demonstrating its effectiveness in suppress-
ing the false detections on the base-class objects. The com-
parison of rows 1 and 3 shows that the PG module con-
tributes to a 0.9% AP50 improvement over the baseline. By
combining all the modules, we achieve the best results and
exceed the baseline by 2.2% AP50, providing convincing
proof that our proposed modules indeed enhance the abil-
ity to detect novel objects. Specifically, the BcS module can
effectively suppress the distractors to explicitly resolve the
model bias towards base classes, and the non-parametric PG
module can generate unbiased prior knowledge to implicitly
mitigate the bias problem.

Impact of Parameter λ1 and λ2 in the Loss Function.
In the loss function defined by Eq. (15), λ1 and λ2 are the
weights assigned to LRP

N and LRP
F , respectively. We inves-

tigate the impact of λ1 and λ2 on the final performance in
Tab. 5. The comparison of rows 1 and 4 reveals the indis-
pensable role of supervision on the final results. Moreover,
imposing supervision on the intermediate results predicted

Method IoU>0.5, score>0.5 IoU>0.75, score>0.75
FPs Precision (%) FPs Precision (%)

Before BcS 3303 41.6 725 50.0
After BcS 1894 52.6 413 66.8

Table 6: The number of FPs with respect to base classes and
precision before and after BcS module, where the IoU de-
notes intersection over union between the final predicted re-
sults and ground truth, and the score denotes predicted score.

by the novel predictor can facilitate further refinement and
boost the final performance. Based on our experiments, we
can conclude that when λ1 and λ2 are set to 0.5, our model
yields the best performance.

Impact of BcS Module on the False Prediction. The BcS
module is a core component of our model, serving to elim-
inate false positives (FPs) and explicitly address the bias
problem. To further analyze its impact, we report the num-
ber of FPs with respect to base classes both before and after
applying the BcS module in Tab. 6. Precision, formulated as

TP
TP+FP , is also used to assess the performance concerning
the suppression of FPs. Note that the experiments are con-
ducted on the split-2 of the COCO dataset, which contains
3309 test images. The results clearly indicate that the num-
ber of FPs is substantially reduced, and the precision is re-
markably improved after the BcS module, thus verifying the
effectiveness of the BcS module.

Conclusion
In this paper, targeting the phenomenon of model bias to-
wards base classes and the generalization degradation on the
novel classes, we rethink one-shot object detection from a
new perspective and propose a BSPG network to achieve
bias-free OSOD. We design a base-class predictor and a
base-class suppression module to explicitly recognize and
suppress base-class objects. Furthermore, the PG module is
proposed to generate a class-agnostic prior map with unbi-
ased semantic hints to guide the detection procedure and en-
hance overall performance. Extensive experiments demon-
strate that our approach reaches new state-of-the-art perfor-
mance under all settings. We believe that our work offers
valuable insights into alleviating the bias problem in the
OSOD field and can inspire future research in this area.
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