
https://doi.org/10.1007/s10489-022-03399-2

Object detection based on few-shot learning via instance-level
feature correlation and aggregation

MengWang1,2 ·Hongwei Ning1,2 ·Haipeng Liu1,2

Accepted: 15 February 2022
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Abstract
The detection of novel foregrounds only utilizing scarce annotated images, namely few-shot object detection, makes a
detector no longer dependent on large-scale instantiated sets. The realistic challenge might lie in establishing the correlation
of few instances and balancing the sensitivity between base and novel categories. In this paper, we propose a few-
shot detector using instance-level feature correlation based on an interactive self-attention module to deeply mine the
discriminating representations from scarce novel instances. Besides, using an extended soft threshold shrinkage, a feature
aggregation procedure is introduced to eliminate redundant information while enhancing the representation sensitivity
between base and novel categories. In the training phase, an orthogonal loss is applied to further enhance the feature
distinguishability of inter-categories. Finally, we evaluate related competitive detectors on both benchmarks PASCAL-
VOC07/12 and MS-COCO, with the results verifying the superior detection precision on AP, mAP and AR measurements
of the proposed approach.

Keywords Few-shot learning · Object detection · Self-attention · Feature aggregation · Orthogonal loss

1 Introduction

To detect both location and classification of interesting
objects in vision scenarios has been excellently developed
utilizing deep neural architectures [25, 30, 32]. Some of
the general detectors have even achieved the same ability
as human eyes [28]; however, a prerequisite is that their net-
work weights should be fully trained on a large-scale set
with annotated instances [13]. In reality, taking for instance,
the detection of rare animals and plants or the lesion
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detection, there are not so many detailed annotated exam-
ples to satisfy the model training; In addition, the manual
annotations are often costly [18, 45]. Therefore, few-shot
learning [42, 43] has been applied to detection scenarios in
order to eliminate this bottleneck and incrementally learn
novel foregrounds with a scarce corresponding resource
[39]. At present, the realistic challenge might lie in estab-
lishing the representation correlation among these scarce
instances while balancing their discriminating sensitivity
between base and novel categories. Focusing on these capa-
bilities, this paper will deeply mine the salient instance-level
representations in order to formulate an extended detection
architecture based on few-shot learning scenarios.

The few-shot learning aims to utilize prior knowledge
to quickly generalize the base model to novel tasks, in
terms of only a few labeled training data [41]. In general,
the methods of few-shot learning contain three stages. The
first-stage is to learn prior knowledge from a set with abun-
dant samples and detailed annotations [26]. In the second-
stage, the samples with visible and invisible categories are
formulated as a support set and a query set respectively, and
different strategies are applied to learn the category repre-
sentations from typical K samples of each category [33].
In the third-stage, the samples involving both visible and
invisible classes are fed into the previously trained model
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to obtain final predictions. According to vision scenes, few-
shot learning can be implemented [1, 4, 8] mainly via meta-
learning [2, 6], metric-learning [3, 7], and etc. Recently,
studies on few-shot object detection have emerged using dif-
ferent solutions based on the above mentioned approaches.
The few-shot object detection based on meta-learning [12,
15] is devoted to designing effective network structures
to evaluate and align the categorical feature between the
support set and query set, and then iteratively update the
network weights with few data batches. Moreover, the mod-
els based on metric-learning [11, 14] attempt to extract the
embedding representation of features, and then to calcu-
late the distance between these embedded feature vectors to
determine which category the object belongs to. This type
of solution might be affected by the metric function and the
coupling features generated by the network. In addition, the
detector based on transfer learning [10, 19] is dedicated to
aggregating the context information of the source domain
into the target domain. These transfer methods often have
a strong dependence on source domain samples. Most of
the above approaches directly adopt fragmented features for
learning, which brings more background clutters and confu-
sion features, and also has a great impact on the performance
of few-shot object detection.

In recent years, a few works [45] have implied that
though the localization of few-shot object detection can be
greatly improved by pretraining on the base-category set
and then fine-tuning on the novel-category set [19], nev-
ertheless this modification is more challenge for instance
categorization. The further solution might consist in how
to obtain more discriminating instance-level features. The
efficient learning of these instance-level features can pre-
vent a lot of confusing backgrounds or prior-boxes with
a small object proportion from entering the final classifi-
cations, thereby affecting the discriminating performance
[15]. In general, the instance-level features are generated
by the prior object box through non-maximum suppression
[25, 30], and it is inevitable that there are many fragmented
candidate boxes that contain multiple objects or merge
backgrounds into the classification layer. It will lead to mis-
classification due to the lack of key category information
that prevents the classifier from acquiring global recogni-
tion of images [19]. Therefore, when the visual information
of the novel category samples is difficult to obtain, it is
necessary to intensively formulate the inherent represen-
tations of instance-level features. Secondly, in the current
approaches, the fusion or matching strategy of the support-
set and the query-set features does not seem to be applicable
[19, 50]. Some methods suffer the imbalance between the
base categories and the novel categories in the final weight
updating [17, 50]. Either too much attention is paid to the
detection performance of base categories with the relatively
poor detection performance for novel categories [15, 17],

or only the performance improvement of novel categories is
considered while the stability of base categories is ignored
[12, 21] (Fig. 1).

This paper will chiefly intend to utilize the feature cor-
relation and aggregation on instance-level to avoid the neg-
ative effects of excessive feature clutters and discriminat-
ing confusions brought by scarce novel instances. Inspired
by DANet [48] and Nonlocal [46], a feature correlation
will be discussed from the high-level semantics and fine-
grained aspects of instance features using an interactive self-
attention module, so that the network can effectively mine
discriminating information from scarce training samples.
We will further introduce an adaptive feature aggregation
module, which aggregates the inferred support-set features
into the query-set features to highlight the aligned category
representations contained in these features. Furthermore,
an improved soft-threshold shrinkage based on the adap-
tive function adopted in [23] will be integrated to filter out
redundant information from these aggregated features, thus
balancing the feature sensitivity and stability for both the
base and the novel categories. In order to alleviate the final
discriminating confusions due to ineffective few-shot learn-
ing, as a supplement to the above modules, an orthogonal
category loss will be applied to constrain the classifier opti-
mization as recent suggested in [35] which can make the
features of the same category are aggregated more closely
when the features of different categories remain orthogo-
nal. In experiments, we will perform evaluations of recent
competitive few-shot detectors on the benchmarks PASCAL
VOC 07 [24]/12 [20] and MS COCO [29], and the results
will verify that the proposed architecture achieves better
performance compared with the comparison detectors. The
main contributions of this paper can be summarized as
follows.

1) An extended detection architecture of few-shot scenar-
ios is formulated based on instance-level feature cor-
relation (IFC) using a novel interactive self-attention
module, which aims to deeply mine the discriminating
features from scarce novel instances.

2) Besides, a feature aggregation mechanism is intro-
duced into the backbone network through an improved
adaptive soft-threshold shrinkage (ASA) to eliminate
redundant information among these features, while
enhancing the feature sensitivity and stability for both
the novel and the base categories.

3) In addition, an orthogonal loss is suggested based
on the similarity measurement between the instance
features in training batches, so that these instantiated
representations can be constrained to further enhance
the final foreground distinguishability.

The rest of this paper are arranged as follows. Section 2
reviews the related works including general object detection,
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Fig. 1 The failure cases due to
the above mentioned problems
that often bring great challenges
to few-shot object detection

few-shot learning and few-shot object detection. The pro-
posed architecture of few-shot object detection is detailed in
Section 3. The next section presents experimental settings,
as well as the comparison evaluations and the discussions.
The last section summarizes this paper.

2 Related work

2.1 General object detection

The deep network architecture of object detection can be
divided into single-stage and two-stage categories according
to the operation process. For instance, SSD [30] and YOLO
[31, 32, 34] are single-stage detectors, which directly
predict the classification confidence of object categories
and the coordinates of regression boxes on the dense grid.
The approaches to two-stage detection represented by Faster
R-CNN [25] and its variants roughly extract the object
location at first, and then obtain refined classification and
location results through one or more refinements. Although
the single-stage object detection network has a lightweight
architecture and fast running speed, its detection accuracy
is indeed far behind that of the two-stage object detector
[22]. The above methods are based on object proposals, and
the detection results are obtained by further optimizing the
predefined rough object bounding box. Recently, proposal-
free detectors have gradually become a new trend and made
some progress, such as CornerNet [38], ExtremeNet [47]
and Centernet [37] and their improved methods, which
accomplish locations and classifications by predicting the
key points of image foregrounds [22]. Although this kind
of solution avoids extracting proposals and setting sensitive
parameters, the use of key points for object detection itself
requires more detailed location information and even more
advanced instance-level semantic masks, thus setting strict

requirements on the design of the network and making it not
easy to achieve [27]. Taken together, the basic architecture
of two-stage detectors is more suitable for improving few-
shot object detection.

2.2 Few-shot learning

In recent years, few-shot learning has been applied in many
vision fields based on two basic mechanisms, namely meta-
learning and metric-learning. The approaches based on
meta-learning [26] adopt a general strategy to capture the
structural changes of different tasks through accumulating
knowledge, to learn the distribution characteristics of sam-
ples through one or several gradient descent steps and to
quickly generalize the model to novel categories [33]. Specif-
ically speaking, the representative MAML [2] uses meta-
knowledge to obtain a reliable initialization parameter, and
quickly adapts to new tasks through gradient adjustment.
MetaOptNet [4] analyzes the implicit differentiation of the
optimal conditions of the convex problem of linear clas-
sifiers, enabling networks to embed high-dimensional fea-
tures for rapid generalization. On the other hand, the key
to metric-learning [26] is to construct a suitable embedding
space, and then to distinguish different classes by design-
ing clever loss functions and metric functions. PrototypeNet
[3] introduces prototype clustering to construct the embed-
ding space, and uses Euclidean distance to measure the class
similarity of the embedding vector. MatchingNet [1] tries to
combine feature extraction with differentiable K-NN, and
uses cosine similarity to calculate the feature matching.
DFL [9] proposes a few-shot classification weight generator
based on the attention mechanism and cosine similarity dis-
criminator to solve the problem of catastrophic forgetting.
These above models have made great progress in few-
shot classifications; however, the scene of object detection
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involved both classification and localization, which is more
complicated and challenging. Therefore, the above solutions
cannot be directly applied to the few-shot object detection.

2.3 Few-shot object detection

As mentioned above, the detectors applied in few-shot scenes
should be extended to efficiently capture more complex
information for novel categories and instances. According
to metric learning, RepMet [11] refers to the practice in
PrototypeNet [3] to calculate the distance between the
embedded feature and the support set category representa-
tion by designing the prototype space. TFA [17] refers to the
practice in DFL [9] and replaces the discriminator in the sec-
ond training phase with a cosine classifier. However, most
of the existing metrics cannot resolve the negative impact
caused by the interaction between high infra-category vari-
ance and the coupling features generated by the network
[14]. As for the detectors using meta-learning, FSRW [12]
applies a meta-weighted model to fusing the support fea-
tures into the query features by channel multiplication. Meta
R-CNN [15] integrates a predictive remodeling network of
meta-weight into the instance-level ROI of the query set. A
weight prediction meta-model is suggested in MetaDet [40],
which unifies the classification and localization problems
in few-shot object detection. Nevertheless, most of these
methods require additional branches and directly use frag-
mented features for detection, which undoubtedly increases
the parameters of the model. Inspired by transfer learning,
Context-Transformer [19] proposes to guide the model to
mine the context information of the target domain image
by aggregating the features of the source domain image
to avoid object confusion. MPSR [18] designs a positive
example refinement branch to refine multi-scale features. In
general, there are many factors affecting the performance
of this type of method, which is also not easy to imple-
ment. Using dynamic graphs driven by image data, SRR-
FSD [54] is proposed to construct the relationship between
visual information and text information. DCNet [52] is put
forward to utilize an improved self-attention module for
relational distillation to mine fine-grained features. Using
self-attention and multi-scale positive sample augmentation,
FSSP [53] is formulated to solve the overfitting caused by
hard samples and insufficient sample numbers. DAnA [49]
alleviates the problem of spatial misalignment of features
and entanglement of aggregated information by generating
paired robust features that are sensitive to spatial location.
FSAP [55] aggregates the query and support data based on
meta-learning, and introduces attention mechanisms on sup-
port branches to refine few-shot information. DRL [56] is
suggested via a dynamic relevance learning model using
the relationship between the support images and the inter-
esting regions on the query images to construct a dynamic

graph convolutional network to guide the detector output.
Although the above methods improve the learning effi-
ciency of the detection network for each sample, they
fail to consider the negative effects of redundant features
and confusion between instances, or effectively solve the
performance gap between the novel and the base classes.

3Detection architecture of few-shot learning

In this section, we focused on presenting the overall archi-
tecture and the learning strategy for few-shot object detec-
tors. Moreover, the related few-shot modules were shown
in Fig. 2, in the hope of improving the existing detection
baselines in terms of meta learning [15].

3.1 Preliminary

According to general few-shot configurations, a full training
dataset Dtrain contained Ctrain categories, which was divided
into a base dataset Db contained Cb categories and a novel
dataset Dn contained Cn categories, where Ctrain = Cb∪Cn.
Besides, there was no shared category between Db and Dn,
namely Cb ∩ Cn = ∅.

As previously mentioned, this paper concentrated on
the training strategy of a two-phase detector as in FSRW
[12]. Following the setting of meta-learning, we further
formulate these datasets into tasks Tj = Sj ∪ Qj =
{(IS

1 , Y S
1 ), ..., (I S

L, Y S
L)}∪{(IQ

j , Y
Q
j )}, each task contained a

support set Sj and a query set Qj , where I denotes images
with their associated annotations Y . In the first stage, the
task Tj was randomly divided on the dataset Db contained
only the base categories Cb, and the detector was wholly
trained to learn the prior knowledge on Db. In the second
stage, the task Tj is randomly divided on the Dtrain that
contained both the categories Cb and Cn, then the weight
of the previous model was fine-tuned, and each category
typically contained K labeled instances. Then the detection
performance was evaluated on the test set Dtest, which also
contained test samples with both the categories Cb and Cn.

3.2 Proposedmodules for few-shot detection

3.2.1 Instance-feature correlation based on interactive
self-attention

The two-stage detection baseline as first applied in Faster
R-CNN [25], adopted the region proposal network (RPN)
to generate various candidates of object locations in the
first stage. Afterwards, the object proposals were aligned
through the ROIAlign layer. The detector extracted instance
features within these candidate regions corresponding to
the boundary boxes, and then performed classification and
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Fig. 2 The overall framework of
our proposed module. It consists
of two branches. The query
branch receives query images to
generate instance-level features.
The support branch is used to
generate support class vectors.
We further introduced the
Instance-level feature
correlation module (IFC), which
is used to construct the
correlation of instance features.
Then introduced an adaptive
shrinking aggregation module
(ASA) to enhance the
parameters sensitivity of the
features of the query set and
support set, and use orthogonal
loss to avoid inter-class and
intra-class confusion

location by the classification layer and the box regression
layer respectively.

In general, for the query branch these instance-level fea-
tures could represent the regional semantics of candidate
objects in a concentrated manner. Thus, they barred exces-
sive messy backgrounds from negatively affecting the learn-
ing process. Typically, the high-level semantic features gen-
erated by avg-pooling and the detailed texture features gen-
erated by max-pooling were of great use for object detection
or classification. Therefore, the extended interactive opera-
tions using two independent forward-paths to complement
and enhance the two types of features would be highly help-
ful for the scarce novel instances under few-shot scenes.
It could be seen from Fig. 3 that we employed an inter-
active self-attention structure in the proposed IFC module
to achieve the instance-level feature correlation. Driven by

both the local semantic feature ZA ∈ R
N×C×H×W based

on avg-pooling operation, and the fine-grained represen-
tation of the texture feature ZR ∈ R

N×C×H×W based
on max-pooling operation, this module structure could be
regarded as a supplementary enhancement setting for few-
shot instance learning, which improves the learning effi-
ciency of the network. Next, a 3 × 3 convolution layer
was applied to increasing the receptive field to obtain both
features Z̃A and Z̃R , which are then reshaped into ẐA ∈
R

N×C×V and ẐR ∈ R
N×C×V as a vectorizing operation,

where V = H × W , and thus ẐA can be operated on
the channel dimension to formulate a correlation matrix
P ∈ R

N×C×C as

Pj,i = exp(ẐA
j × ẐA

i )
∑C

i=1exp(ẐA
j × ẐA

i )
(1)

Fig. 3 Illustration of the
instance-level feature correlation
(IFC) module based on
interactive self-attention. This
module uses self-attention based
on avg-pooling and max-pooling
to separately mine local
semantic information and
detailed texture information in
features to complement each
other to achieve relational
distillation
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where the elements Pj,i represented the relation metric of
the instance feature ẐA from the ẐA

i ∈ R
N×1×V on ith

channel to the ẐA
j ∈ R

N×1×V on j th channel, and each
row of this matrix denoted the semantic correlation degree
of the instance features. Then, the correlation matrix P was
mapped to weight the feature ẐA

i and achieve the feature
correlation on each channel.

Ẑj =
C∑

i=1

Pj,i × ẐA
i (2)

To further secure the detailed features, the ROI feature Z

was simultaneously fed to the max-pooling layer to obtain
the feature ZR . Then, the 3 × 3 convolution and vectorizing
operation were also applied to obtain the feature ẐR . To
acquire fine-grained correlation, ẐR

j and its transposed ẐR
i

were employed to perform matrix multiplication and get a
finer attention matrix Q ∈ R

N×C×C , and it was normalized
through the following operations to obtain fine-grained
weights Qi,j .

Qi,j = exp(ẐR
i × ẐR

j )
∑C

j=1exp(ẐR
i × ẐR

j )
(3)

To supplement this fine texture representation with the
former semantic correlation, we further mapped the weights
Qi,j onto the former correlation feature Ẑj to highlight the
fine discriminating features, and a scale coefficient β ∈
[0, 1] was used to affect the mapping results as follows.

Ĝi = β

C∑

j=1

Qi,j × Ẑj (4)

Finally, the dimension of feature matrix G = [Ĝ1, Ĝ2, ...
ĜC] was recovered as G ∈ R

N×C×H×W with the same size
of ZA and ZR , then an element-wise sum operation was
applied to the extended features G, ZA and ZR to obtain the
final output of this proposed IFC module with the network
parameters θQ, which is initialized by a random normal
distribution and updated with all query samples. The final
feature was formulated as below.

ZQ = ZA + ZR + G (5)

In this section, we integrated the interactive self-attention
to obtain the instance feature correlation based on both the
local high-level semantics and the fine texture information.
In the following sections, we would further use the output
ZQ of this module as the input of the ASA module to present
our approach.

3.2.2 Feature aggregation using adaptive soft-threshold
shrinkage

As previously presented, the unsatisfactory detection perfor-
mance of the base category and the novel category samples

and the serious imbalance could be attributed to the fact
that the model was not sensitive enough to the class param-
eters. Moreover, the excessive redundant information and
insignificant features in the network were the main reasons
for this problem. In this section, we attempted to solve this
problem and propose the ASA module, which employed the
feature multiplication between the query set instance vec-
tor and the support set class vector to aggregate the features
of the same classes, and adopted the feature subtraction to
highlight the features of different classes. Furthermore, in
order to filter out the insignificant features in the aggregated
features, we integrated a soft-threshold shrinking opera-
tion as in DRSN [44] proposed for the signal processing,
and improved and formulated it as an adaptive shrinkage
function performed in the feature aggregation module.

The block diagram of the proposed module ASA was
shown in Fig. 4. Specifically, we standardize the space
size of the support images into 224×224, and combine
the support images and their associated annotations S =
{(I S

l , Y S
l ), l = 1, 2, ...L} into a vector with 4-channel and

fed into the feature extractor, which shares the entire back-
bone with the query branch except the first layer, then
generate the support-category vector Vcls ∈ R

M×U after the
pooling and activation operations, where M represented the
number of categories contained in the support-set images
with the vector dimension U = C × H × W , and each
category vector denoted as Vcls,i ∈ R

1×U , i = 1, 2, ...M .
This meta-learning branch should be constrained by loss
Lmeta to maintain the category spacing among the category
vectors of support sets. This loss function was expressed
as follows.

Lmeta = LCE( Wm ( Eb( IS
l ) ), Y S

l ) (6)

where LCE(·) denoted the cross-entropy loss, Eb and Wm

represented a feature extractor and a linear classifier,
respectively. In addition, ZQ represented the instance-level
features of each query-set image generated by the former
feature correlation module. It was stretched into a 1-
dimensional vector denoted as ẐQ ∈ R

N×U , where N was
the number of instance features contained in each image.
We first performed a broadcasting convolution to weight the
support-set feature Vcls onto ẐQ and obtained FZ ∈ R

N×U

to enhance the channel weights of the contained categories.

FZ =
M∑

i=1

ẐQ ⊗ Vcls,i (7)

Then, an element-level subtraction was performed to
highlight different category information contained in the
query-set features and the support-set features, and FD ∈
R

N×U was obtained as follows.

FD =
M∑

i=1

ẐQ − Vcls,i (8)

356 M. Wang et al.



The proposed adaptive feature shrinking module was
indicated as S (·). As shown in the lower part of Fig. 4, the
different convolution layers were implemented to formulate
a learnable forward-path, and a scale parameter was obtained
through averaging operation, then the absolute value was
taken for these features.

x =
∣
∣
∣
∣
∣

1

N

N∑

i=1

hReLu ◦ hBN ◦ hconv(Fi)

∣
∣
∣
∣
∣

(9)

where the single instance feature Fi ∈ R
1×U , i = 1, 2, ...N

and ◦ denotes the operator of function composition between
the adjacent layer functions. Afterwards, a 1-dimensional
convolution layer was performed to achieve the interaction
of local features on the channel, and then the sigmoid
function was applied to map these scale metrics and obtain
the normalized vector s.

s = 1

1 + exp−hρ(x)
(10)

where hρ (·) represented the 1-dimensional convolution layer.
Then, the score vector s and the absolute value vector x were
multiplied to obtain the adaptive threshold value τ = s · x.
Moreover, the threshold τ and the feature vector Fϕ =
hReLu ◦ hBN ◦ hconv(Fi) were both fed into the operator D.

Although this form of soft-threshold operator could
dynamically filter out the fragmented representations, it
would also make feature details smooth and degraded, thus
leaving the reformulated feature deviating from the original

feature. In order to relieve this difficulty, we revised the
soft-threshold operator into the following formula.

d(Fϕ) =
{

sign(Fϕ)max
{∣
∣Fϕ

∣
∣ − τe−τ , 0

}
,

∣
∣Fϕ

∣
∣ > τ

0 ,
∣
∣Fϕ

∣
∣ < τ

(11)

As can be inferred from the characteristic curves in the
lower-right corner of Fig. 4, the threshold τ in this function
will dynamically adapt to the information learned from the
aggregated features, thus filtering out clutter and insignifi-
cant features. This nonlinear characteristics of the function
enables the reconstructed features to asymptote the orig-
inal features without being too smooth and degraded. To
maintain the stability of the model, we further adopted the
residual structure, and the output of S (·) was expressed as
the following equation.

F̂ϕ = d(Fϕ) + Fϕ (12)

where FZ and FD were fed into S (·) to eliminate redundant
information from features and obtain the shrinking features
F̂Z = S (FZ) and F̂D = S (FD).

Next, the F̂Z and F̂D were aggregated through the
concatenate operation with trainable network parameters θA

which is initialized by a random normal distribution and
updated via the ASA module. Also ẐQ was concatenated
in this module, since ẐQ was important for stabilizing the
detection performance of the base categories.

Fcon = Concat
(
F̂Z, F̂D, ẐQ

)
(13)

Fig. 4 Overall architecture of
module ASA, where C was the
number of feature channels, k

was the size of the convolution
kernel, and τ represented the
threshold. The lower right
corner was the characteristic
curve of the improved
soft-threshold function
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Finally, these concatenated features were fed into the final
prediction layers P (Fcon) with the independent parameters
to obtain the outputs.

The above module used the element-wise multiplication
and subtraction to obtain discriminating instance features,
and the improved soft-threshold function was adopted to
shrink the redundant features. Therefore, this proposed sub-
network could be efficiently integrated into the detection
network for weight generalization.

3.2.3 Orthogonal category loss with cosine similarity

In the few-shot detection scenes, it was difficult for the basic
detector to learn reliable feature representation only through
a few novel instances, and the lack of accuracy location
parameters caused great challenge to the classifier. In addi-
tion, there would inevitably be the situation of feature
superposition and interaction during the previous calcula-
tion of the instance-feature correlation. In this case, if the
hidden layer features were directly input to the classifi-
cation layer, this would be affected by intra-category and
inter-category confusion to a certain extent. To alleviate this
negative influence, we adopt an orthogonal category loss
[35] that calculates the cosine similarity of features as a con-
straint to impose orthogonality in the hidden layers in order
to maintain the instance separation of different categories
and the instance aggregation of the same categories.

For the sake of simplicity, the proposed architecture was
summarized as a hidden feature block F(·) and an output
prediction block P(·), and the features output by the hidden
block were taken as the input of the prediction block.
In a task of input Tj = {(IS

1 , Y S
1 ), ...., (I S

L−1, Y
S
L−1)} ∪

{(IQ
j , Y

Q
j )}, where Il indicated the lth input image, and

Yl denoted the corresponding labels, then the output of
Tj through the hidden feature block was represented as
F(Il) = [

fl,1, fl,2, · · ·, fl,N

]
, where fl,i denoted the ith

instance feature in the lth batched image, and the category
prediction of the kth (k = (l − 1) × N + i) instance feature
was ĉk = Pc(fk).

Assuming that the two different instance features fm

and fn belonged to the same category, namely the category
labels cm = cn, then we had

p=
∑

〈fm, fn〉 , m, n ∈ {1, 2, ..., N × L}, m 
=n (14)

Considering these two instance features belonged to differ-
ent categories, namely the category labels cm 
= cn, the
function could be written as

q =
∑

〈fm, fn〉 , m, n ∈ {1, 2, ..., N × L} (15)

where 〈·, ·〉 was to calculate the cosine similarity of the two
feature vectors illuminated as follows.

〈fm, fn〉 = fm × f T
n

‖fm‖2 · ‖fn‖2
(16)

where ‖·‖2 represented the L2 − norm of the input vector.
Thus, the orthogonal category loss was defined as the
equation bellow.

arg min
θA

Lorth = (1 − p) + α · |q| (17)

where α ∈ [0, 2] was a weighting coefficient, and |·|
denoted the absolute value. In (17), we constrained p to be
close to 1, and q to be close to 0 to maintain the clustering
of features of the same class, and keep the distance between
features of different categories to reduce the impact of
representation confusion on discrimination.

The training loss of the basic framework [25] adopted in
our approach could be expressed as Lbase.

arg min
θB

Lbase = L
(
P(FB(IQ), YQ

)
(18)

where FB(·) represented the hidden layers of the basic
framework and L(·) denoted the predicted loss, defined
as Lbase = Lrpn + Lcls + Lloc, and Lrpn was the loss
used to distinguish foregrounds and backgrounds, as well
as fine-tune anchors in the RPN. In addition, Lcls was the
cross-entropy loss applied for the instance classification,
and Lloc was the Smooth − L1 loss implemented for the
bounding box regression in R-CNN.

According to the above, the complete training loss of the
detector in this paper could be expressed as follows,

L = λ · Lbase + Lmeta + Lorth (19)

where the scale coefficient λ ∈ [0, 1] and these extended
terms could be regarded as a supplement to the base loss, by
introducing the inherent angular measurement among these
scarce novel instances. In addition, through formulating
the orthogonal category loss, a relatively stable geometric
structure could be updated and then maintained in the
feature space, which also reduced the sensitivity of the
model to training configurations such as the data-batch size.
To summarize this section, the training procedure of our
detector is performed as following Algorithm 1.
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4 Results and analysis

To evaluate the detector performance in different few-shot
scenes, we performed training on benchmarks PASCAL

VOC07 [24]/12 [20] and MS COCO [29], and compared
the proposed detector with various latest baselines to verify
its effectiveness. Aimed at making a fair comparison, the
experimental settings were consistent as applied in FSRW
[12], and all the experimental results were obtained through
running 10 times of random data sampling to calculate the
average values.

In detail, we utilized Meta R-CNN [15] as the basic
architecture. To build transferable scenes for detection, the
ResNet-101 [28] pre-trained on ImageNet [36] was used
as the default backbone network when trained on PASCAL
VOC, while the ResNet-50 [28] pre-trained on ImageNet
was adopted as the default backbone network when trained
on MS COCO. The training strategy was the same as FSRW,
a stochastic gradient descent (SGD) was used as the network
optimizer, and the whole process was divided into two
phases. In the first phase, we only trained the base dataset
Db, the initial learning rate was set to 10−3 and the batch
size was set to 4. 20 epochs were trained in total, with each
epoch iterating 3000 times, and the learning rate decayed
by 10−4 after every five epochs. The second phase was to
train on the support set based on both Db and Dn. The initial
learning rate was set to 10−3, the batch size was set to 4, a
total of 9 training epochs were performed, the learning rate
decayed to 10−4 after training 5 epochs, and the training
continued for 4 epochs. Moreover, the parameters α =
0.5 and λ = 1 were set in the loss L in Eq. (19). All
the experiments were implemented on Pytorch using GTX
TITAN X.

4.1 Results on PASCAL VOC

According to the experimental settings, we used the Trainval
set in PASCAL VOC07/12 to train the model, and evaluated
the model performance on the test set of VOC07. Consistent
with the standard evaluation settings [12, 15, 51], we
considered three different split settings of dataset on
VOC07/12. Each setting contained 15 base categories and
5 novel categories after random selection. These split
settings were listed as follows: Split1→ (bird, bus,

cow, mbike, sof a/rest); Split2→(aero, bottle, cow,

horse, sof a/rest); Split3→(boat, cat, mbike, sheep,

sof a/rest). In the first phase, the model was trained on the
base dataset containing 15 categories; In the second phase,
we performed further training on the full dataset with 20
categories containing both the base categories and the novel
categories. Each category had K annotated samples, where
K ∈ {1, 2, 3, 5, 10}. We followed the PASCAL Challenge
protocol that the correct prediction should have an IoU

of more than 0.5 with Ground Truth, and took the mean
Average Precision (mAP) as the evaluation indicator.

Table 1 showed the comparison results on PSCAL VOC.
It could be seen from Table 1 that most results of the

359Object detection based on few-shot learning via instance-level...



Ta
bl
e
1

Fe
w

-s
ho

to
bj

ec
td

et
ec

tio
n

m
A

P
on

V
O

C
20

07
Te

st
se

ti
n

no
ve

lc
la

ss
es

N
ov

el
-c

la
ss

sp
lit

1
N

ov
el

-c
la

ss
sp

lit
2

N
ov

el
-c

la
ss

sp
lit

3

M
et

ho
ds

/
sh

ot
1

2
3

5
10

1
2

3
5

10
1

2
3

5
10

FS
R

W
[1

2]
14

.8
15

.5
26

.7
33

.9
47

.2
15

.7
15

.3
22

.7
30

.1
40

.5
21

.3
25

.6
28

.4
42

.8
45

.9

M
et

aD
et

[4
0]

18
.9

20
.6

30
.2

36
.8

49
.6

21
.8

23
.1

27
.8

31
.7

43
.0

20
.6

23
.9

29
.4

43
.9

44
.1

M
et

a
R

-C
N

N
[1

5]

19
.9

25
.5

35
.0

45
.7

51
.5

10
.4

19
.4

29
.6

34
.8

45
.4

14
.3

18
.2

27
.5

41
.2

48
.1

FS
O

D
-

K
T

[5
0]

27
.8

41
.4

46
.2

55
.2

56
.8

19
.8

27
.9

38
.7

38
.9

41
.5

29
.5

30
.6

38
.6

43
.8

45
.7

T
FA

w
/f

c
[1

7]

36
.8

29
.1

43
.6

55
.7

57
.0

18
.2

29
.0

33
.4

35
.5

39
.0

27
.7

33
.6

42
.5

48
.7

50
.2

T
FA

w
/c

os
[1

7]

39
.8

36
.1

44
.7

55
.7

56
.0

23
.5

26
.9

34
.1

35
.1

39
.1

30
.8

34
.8

42
.8

49
.5

49
.8

FS
D

et
V

ie
w

[1
6]

24
.2

35
.3

42
.2

49
.1

57
.4

21
.6

24
.6

31
.9

37
.0

45
.7

21
.2

30
.0

37
.2

43
.8

49
.6

M
PS

R
[1

8]
41
.7

-
51

.4
55

.2
61
.8

24
.4

-
39

.2
39

.9
47

.8
35

.6
-

42
.3

48
.0

49
.7

A
FD

-
N

et
[2

1]

33
.1

39
.6

51
.6

55
.3

60
.7

24
.7

29
.2

40
.4

44
.6

48
.4

27
.1

35
.0

43
.1

48
.4

53
.6

C
M

E
(F

-
R

C
N

N
)

[5
1]

41
.5

47
.5

50
.4

58
.2

60
.9

27
.2

30
.2

41
.4

42
.5

46
.8

34
.3

39
.6

45
.1

48
.3

51
.5

D
C

N
et

[5
2]

33
.9

37
.4

43
.7

51
.1

59
.6

23
.2

24
.8

30
.6

36
.7

46
.6

32
.3

34
.9

39
.7

42
.6

50
.7

FS
A

P
[5

5]
24

.3
36

.5
44

.9
52

.0
59

.2
20

.5
27

.5
33

.1
40

.9
47

.1
22

.4
33

.0
37

.8
43

.9
51

.5

O
ur

s
41

.0
47
.9

52
.7

55
.0

61
.5

28
.6

34
.2

36
.8

42
.4

49
.4

37
.3

43
.5

45
.7

50
.7

53
.9

W
e

ev
al

ua
te

th
e

ba
se

lin
es

un
de

r
th

re
e

di
ff

er
en

ts
pl

its
of

no
ve

lc
la

ss
es

B
ol

d
en

tr
ie

s
in

di
ca

te
th

e
be

st
pe

rf
or

m
an

ce
ac

hi
ev

ed
in

th
at

ev
al

ua
tio

n
se

tti
ng

360 M. Wang et al.



proposed detector were superior to the latest baselines. In
addition, all the evaluations of our model achieved excellent
performance in the 10-shot settings, especially in split3,
and reached the competitive evaluations with the state-
of-the-arts models in all settings. Moreover, the proposed
detector offered satisfactory results in the extremely-low-
shot setups (K ∈ {1, 2, 3}) of the three split subsets, which
illustrated the robustness and strong learning ability of our
model under the condition of scarce resources with high
variance. On the 1-shot and 10-shot experiments of split1,
our method also achieved 41.0%(mAP ) and 61.5%(mAP )
respectively, which was slightly lower than that in MPSR
[18]. Nonetheless, a multi-scale network architecture should
be used in MPSR, while our architecture was only based
on a single scale, which was more compact than MPSR. In
general, the proposed detector was more competitive.

In Table 2, we reported the detailed evaluations on
each novel category using the three default VOC splits.
Compared with the baselines, it was obvious that when
K ∈ {1, 2, 3}, Meta R-CNN performed poorly on “sofa”
and “bottle”. However, in extremely-low-shot setups (K ∈
{1, 2, 3}), our model improved the detection performance
of “Sofa” in VOC split1 by 21%(mAP ), 28.9%(mAP ) and
34.6%(mAP ) respectively, and the performance of “sofa”
in VOC split2 and split3 was much higher than other base-
lines. For the tests of “bottle”, when K ∈ {1, 2, 3}, the
performance of our model in VOC split2 improved by
7.1%(mAP ), 8.0%(mAP ) and 15.5%(mAP ) respectively.
On the whole, compared with other models, the detection
performance of our model for all categories maintained
strong competitiveness. In essence, such a huge perfor-
mance improvement was mainly thanks to the extended
modules integrating feature correlation and aggregation
mechanism.

After further exploring PASCAL VOC, we found that the
categorized objects such as “sofa” varied greatly in appear-
ance and sub-type. Therefore, if there were two categories
of “person” and “sofa” that should be discriminated at the
same time, the classification network tended to give higher
weight to “person” and ignore “sofa”. And the “bottle”
in PASCAL VOC was often located in dense regions and
occupied a relatively small proportion. These objective con-
ditions made it difficult for other baselines to obtain high
performance for these categories. Nevertheless, the experi-
mental results implied that our detector enabled the network
to capture more discriminating features to address this prob-
lem, and provided proper attention to each existing category
in the image.

In addition, the evaluations of the base and the novel
categories on PASCAL VOC split1 were illustrated in Fig. 5.
It could be found that for the existing models, there was a
certain imbalance between the performance of the base and
the novel categories. In other words, the detector “forgot”

the configuration of the base categories when training the
novel categories, or the novel category samples were too
few to learn reliable feature representations. However, it
was necessary to maintain a high-level detection for both
the base category and the novel category samples. On the
basis of our model, the performance of the novel categories
in the 3-shot setting achieved the optimal 52.7%(mAP ),
while that of the base categories reached 69.3%(mAP ).
The performance of the novel categories in 10-shot arrived
at 61.5%(mAP ), while that of the base categories reached
71.3%(mAP ). As seen in Fig. 5, while the TFA [17]
evaluations of the base categories was relatively high, the
performance of the novel categories tended to degenerate.
By contrast, our model demonstrated balanced performance,
which was similar to MPSR [18]. However, the refined
branch of the positive samples was manually decided in
MPSR, which was actually not ideal. The results above
illuminated that the proposed architecture could alleviate the
inherent defects that the backbone network either failed to
detect the novel categories or “forgot” the base categories.

4.2 Results onMS COCO

The results on MS COCO [29] were illuminated in Table 3.
Compared with PASCAL VOC, MS COCO was more chal-
lenging for the task of few-shot object detection. In detail,
this dataset contained 80 categories, 20 of which were the
same as those in PASCAL VOC. As conducted in FSRW
[12], we adopted 60 categories that did not intersect with
the categories of PASCAL VOC as the base categories for
training in the first phase. Then, in the second phase, 60
base categories and 20 novel categories were trained simul-
taneously. Each category had K object instances with labels,
where K ∈ {10, 30}. Following the standard evaluation
protocol, we jointly trained the model on both the Train-
set and the Val-set benchmarks, and the performance was
tested on the Test-set, which contained both the base and
the novel categories. For a more comprehensive compar-
ison, our evaluation standard setting were consistent with
that in other works like [12, 18, 51], and the indicators con-
sisted of average precision on AP , AP50, AP75 and APS ,
APM , APL and average recall rate on AR, AR10, AR100 and
ARS , ARM , ARL.

As indicated in Table 3, under the 10-shot and 30-shot
settings, the proposed model could achieve optimal perfor-
mance on most indicators with Average Precision (AP) and
Average Recall(AR). It implied that the proposed model
enjoyed strong learning robustness in complex scenarios
and hard samples. It was worth noting that our model achieved
better performance than other baselines when detecting
small objects, suggesting that the proposed model could
mine discriminating representations through the extended
module utilizing the correlation of instance-level features.

361Object detection based on few-shot learning via instance-level...



Ta
bl
e
2

T
he

A
P(

%
)

an
d

m
A

P(
%

)
of

th
e

no
ve

lc
la

ss
es

in
th

e
th

re
e

sp
lit

s
of

V
O

C

N
ov

el
-c

la
ss

sp
lit

1
N

ov
el

-c
la

ss
sp

lit
2

N
ov

el
-c

la
ss

sp
lit

3

Sh
ot

M
et

ho
ds

bi
rd

bu
s

co
w

m
bi

ke
so

fa
m

ea
n

ae
ro

bo
ttl

e
co

w
ho

rs
e

so
fa

m
ea

n
bo

at
ca

t
m

bi
ke

sh
ee

p
so

fa
m

ea
n

1
FS

R
W

[1
2]

13
.5

10
.6

31
.5

13
.8

4.
3

14
.8

11
.8

9.
1

15
.6

23
.7

18
.2

15
.7

10
.8

44
.0

17
.8

18
.1

5.
3

21
.3

M
et

a
R

-C
N

N
[1

5]
6.

1
32

.8
15

.0
35

.4
0.

2
19

.9
23

.9
0.

8
23

.6
3.

1
0.

7
10

.4
0.

6
31

.1
28

.9
11

.0
0.

1
14

.3

M
PS

R
[1

8]
33

.5
41
.2

57
.6

54
.5

21
.6

41
.7

21
.2

9.
1

36
.0

30
.9

25
.1

24
.4

14
.9

47
.8

57
.7

34
.7

22
.8

35
.6

O
ur

s
49
.3

39
.2

44
.8

50
.5

21
.2

41
.0

32
.5

7.
9

25
.3

38
.3

38
.8

28
.6

19
.3

55
.5

54
.0

17
.0

40
.9

37
.3

2
FS

R
W

[1
2]

21
.2

12
.0

16
.8

17
.9

9.
6

15
.5

28
.6

0.
9

27
.6

0.
0

19
.5

15
.3

5.
3

46
.4

18
.4

26
.1

12
.4

25
.6

M
et

a
R

-C
N

N
[1

5]
17

.2
34

.4
43

.8
31

.8
0.

4
25

.5
12

.4
0.

1
44

.4
50

.1
0.

1
19

.4
10

.6
24

.0
36

.2
19

.2
0.

8
18

.2

M
PS

R
[1

8]
38

.2
28

.6
56
.5

57
.3

32
.0

42
.5

36
.5

9.
1

45
.1

26
.1

34
.2

29
.3

17
.9

49
.6

59
.2

49
.2

32
.9

41
.8

O
ur

s
52
.0

53
.0

46
.4

59
.2

29
.3

47
.9

36
.6

8.
1

50
.0

60
.2

16
.3

34
.2

15
.4

67
.3

59
.3

37
.6

37
.9

43
.5

3
FS

R
W

[1
2]

26
.1

19
.1

40
.7

20
.4

27
.1

26
.7

29
.4

4.
6

34
.9

6.
8

37
.9

22
.7

11
.2

39
.8

20
.9

23
.7

33
.0

28
.4

M
et

a
R

-C
N

N
[1

5]
30

.1
44

.6
50

.8
38

.8
10

.7
35

.0
25

.2
0.

1
50

.7
53

.2
18

.8
29

.6
16

.3
39

.7
32

.6
38

.8
10

.3
27

.5

M
PS

R
[1

8]
35

.1
60

.6
56
.6

61
.5

43
.4

51
.4

49
.2

9.
1

47
.1

46
.3

44
.3

39
.2

14
.4

60
.6

57
.1

37
.2

42
.3

42
.3

O
ur

s
50
.8

64
.1

38
.8

64
.7

45
.3

52
.7

42
.5

15
.6

47
.4

42
.0

36
.4

36
.8

23
.3

65
.5

55
.1

48
.0

36
.7

45
.7

5
FS

R
W

[1
2]

31
.5

21
.1

39
.8

40
.0

37
.0

33
.9

33
.1

9.
4

38
.4

25
.4

44
.0

30
.1

14
.2

57
.3

50
.8

38
.9

41
.6

42
.8

M
et

a
R

-C
N

N
[1

5]
35

.8
47

.9
54

.9
55

.8
34

.0
45

.7
28

.5
0.

3
50

.4
56
.7

38
.0

34
.8

16
.6

45
.8

53
.9

41
.5

48
.1

41
.2

M
PS

R
[1

8]
39

.7
65
.5

55
.1

68
.5

47
.4

55
.2

47
.8

10
.4

45
.2

47
.5

48
.8

39
.9

20
.9

56
.6

68
.1

48
.4

45
.8

48
.0

O
ur

s
58
.9

65
.2

42
.5

66
.8

41
.5

55
.0

55
.6

18
.6

53
.1

55
.1

29
.4

42
.4

23
.8

70
.0

63
.1

51
.8

44
.9

50
.7

10
FS

R
W

[1
2]

30
.0

62
.7

43
.2

60
.6

39
.6

47
.2

43
.2

13
.9

41
.5

58
.1

39
.2

39
.2

20
.1

51
.8

55
.6

42
.4

36
.6

45
.9

M
et

a
R

-C
N

N
[1

5]
52

.5
55

.9
52

.7
54

.6
41

.6
51

.5
52

.8
3.

0
52

.1
70
.0

49
.2

45
.4

13
.9

72
.6

58
.3

47
.8

47
.6

48
.1

M
PS

R
[1

8]
48

.3
73
.7

68
.2

70
.8

48
.2

61
.8

51
.8

16
.7

53
.1

66
.4

51
.2

47
.8

24
.4

55
.8

67
.5

50
.4

50
.5

49
.7

O
ur

s
58
.6

66
.2

68
.5

69
.6

44
.8

61
.5

59
.3

18
.8

58
.7

66
.9

43
.3

49
.4

35
.6

73
.4

69
.6

45
.1

45
.8

53
.9

B
ol

d
en

tr
ie

s
in

di
ca

te
th

e
be

st
pe

rf
or

m
an

ce
ac

hi
ev

ed
in

th
at

ev
al

ua
tio

n
se

tti
ng

362 M. Wang et al.



Fig. 5 Few-shot detection
performance of 3-shot and
10-shot for base and novel
categories on PASCAL VOC
split1

At the same time, the high recall rate indicated that this pro-
posed model had fine generalization ability for the novel
categories, and could quickly learn and detect instances with
the novel categories. As the instance number of the novel
categories increased, the performance advantage tended to
be more obvious.

4.3 Results onMS COCO to PASCAL VOC

Furthermore, a cross-dataset evaluation was performed from
MS COCO to PASCAL VOC. Specifically, following the
setting in FSRW [12], we adopted 60 categories in MS
COCO that did not intersect with PASCAL VOC as the
base dataset for detector training, and then tested the trained
detectors on VOC07. The network structure and training
parameter settings of this evaluation were the same as those
used in other experiments. Each category set was made
up of 10 samples (10-shot). Then, we compared the cross-
domain performance with that of the existing detectors
such as FSRW [12], MetaDet [40], Meta R-CNN [15] and
MPSR [18], and the like. It could be seen from Table 4 that
our model achieved 43.6%(mAP ), which was significantly
higher than the performance of other models.

4.4 Effectiveness verification

In an ablation study, the contributions of each proposed
module were discussed to verify the performance improve-
ment, and the specific reasons were analyzed for the effect
of these components. The architecture in this paper was
inherited from Meta R-CNN [15] with ResNet-101 [28]
as the backbone network. Then, we gradually applied
the instance-level feature correlation module, the adaptive
shrinkage aggregation module and the orthogonal loss to
the backbone architecture, in order to evaluate the contribu-
tion of each component to PASCAL VOC split1, with the
evaluations listed in Table 5.

Effect of IFC: As shown in Table 5, the baseline could
achieve good results in the 5/10-shot setting, but the perfor-
mance in the extremely-low-shot setups (K ∈ {1, 2, 3}) was
not satisfactory. This was mainly due to the sudden decrease

in visual information that could be learned. The proposed
IFC module could further mine dependable representations
in instances when the visual information was extremely
lacking. Therefore, the model could achieve satisfactory
performance when there were only a few learnable samples.
Comparing rows 1 and 2 in Table 5, we could acquire sig-
nificant performance gains of 15.7%(mAP ), 17.0%(mAP ),
and 13.4%(mAP ) in extremely-low-shot setups in com-
parison with the baseline. When K ∈ {5, 10}, the pro-
posed model achieved 3.6%(mAP ) and 6.2%(mAP ) per-
formance gains, respectively. It could be argued that as the
amount of learnable visual information increased, the vari-
ance decreased, and the performance tended to be stable.
The simple correlation construct module was not enough
to guide the expended representations of the category dis-
tributions, so the gain obtained was not as high as in
extremely-low-shot setups.

Effect of ASA: Comparing rows 2 and 3 in Table 5, the
performance gains this module brought to the model were
2.9%(mAP ), 3.6%(mAP ), 3.2%(mAP ), 3.9%(mAP ), and
1.6%(mAP ), respectively when K ∈ {1, 2, 3, 5, 10}. This
implied the effectiveness of this module in performance
improvement, which benefited from the fact that this
module established an improved learnable soft-threshold
operator to filter out invalid features and clutter signals from
the aggregate features. On the other hand, though the meta-
learning setting alleviated the influence of overfitting, such
an impact still existed in the baseline detection results. The
ASA module could further reduce the impact of overfitting,
confirmed by the most powerful proof that our model
achieved performance improvement in extremely-low-shot
setups.

Effect of Orth-loss: Rows 3 and 4 in Table 5 showed that
after using orthogonal category loss, the model performance
improved by 2.5%(mAP ), 1.8%(mAP ), 1.1%(mAP ),
1.8%(mAP ), and 2.2%(mAP ), respectively with K ∈
{1, 2, 3, 5, 10}. It could be seen from Table 5 that the feature
correlation module played an important role in the overall
performance improvement. But with the increase in label
samples K ∈ {5, 10}, the number of negative samples and
hard samples also increased, exacerbating the confusion of
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Table 4 Few-shot object
detection performance on MS
COCO to PASCAL VOC

Methods mAP

FSRW [12] 32.3

MetaDet [40] 33.9

Meta R-CNN [15] 37.4

MPSR [18] 42.3

SRFS [5] 43.2

Ours 43.6

We evaluate the performance on the 10-shot setting
Bold entries indicate the best performance achieved in that evaluation setting

Table 5 The results of ablation
experiments of the various
components proposed on the
VOC split1

VOC split1

Components/shot 1 2 3 5 10

Baseline 19.9 25.5 35.0 45.7 51.5

Baseline + IFC 35.6 42.5 48.4 49.3 57.7

Baseline + IFC + ASA 38.5 46.1 51.6 53.2 59.3

Baseline + IFC + ASA + Orth-loss 41.0 47.9 52.7 55.0 61.5

Bold entries indicate the best performance achieved in that evaluation setting

Fig. 6 The comparison the
impact of hyperparameters λ

and α in the 3/5-shot setting of
VOC split1

Table 6 Comparative analysis
of the parameters of neural
network for few-shot object
detection

Methods Receptive field size Params/M Inference speed(ms/per)

Meta R-CNN [15] short600 45.98 165.42

FSDetView [16] short600 50.39 174.84

TFA w/fc [17] short800 60.08 168.33

MPSR [18] short800 81.84 177.50

DCNet [52] short800 100.96 –

CME [51] 416×416 66.81 213.85

Ours short600 79.17 196.18
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inter-category and intra-category of features. However, this
loss had strong adaptability and effectiveness in solving this
confusion problem. In addition, we attempted to modify
the hyperparameters (α, λ) in the loss function to observe
their impacts on detector performance. Experiments were
evaluated on PASCAL VOC Split1. The analysis results
were shown in Fig. 6. It could be noticed that the model
enjoyed the best performance when α = 0.5 and λ = 1.

Moreover, since different model architectures are usually
performed on different platforms of GPU and also the corre-
sponding sizes of input image are different, we reproduced
some existing models following the original settings for a
fair costing comparison. Table 6 illuminates the scales of
network parameters for these models, as well as the infer-
ence speed of testing a single image at the 10-shot setting.
Combined with Tables 1 and 3, we found it is false that
the more parameters, the better the performance. This also
implies that the key to few-shot learning might lie in how to

determine the more efficient transformable configurations
and then how to make the model have a higher learning
efficiency for each novel sample. Obviously the proposed
method has a certain improvement in both the aspects.

4.5 Visualization of results

In Fig. 7, we finally presented the detection visualization
results of the novel categories on PASCAL VOC and MS
COCO in a 10-shot setting. Both the successful cases
and the failure cases are involved to analyze the inher-
ent reasons. These results verified that the proposed model
achieves excellent performance, but there still existed few
failure cases. And we inferred that the model might generate
false foreground instances when there were more interfer-
ence backgrounds in the image. Besides, there would also
exist missed instances when smaller and denser objects were
exist in the regions.

Fig. 7 Visualization results of
10-shot setting on PASCAL
VOC and MS COCO datasets.
The two columns on the left are
success cases and the failure
cases are on the right
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5 Conclusion

This paper aims to formulate a few-shot object detector
based on meta-learning. Most existing approaches perform
inefficient baselines to learn features from few samples
through single feature extraction strategies. In this paper, a
feature correlation building module based on self-attention
has been proposed to mine representative discriminating
representations. By a learnable soft-threshold operator, the
proposed architecture has been enhanced to shrink redun-
dant information from aggregate features. In addition,
orthogonal loss has been used to further constrain instance
representations and avoid category confusion. The exper-
imental results have verified that the proposed detector
has higher detection precision compared with the existing
related baselines through the comprehensive evaluations on
AP, mAP and AR of two benchmark datasets. In the future,
more researches can be conducted to reduce model com-
plexity and alleviate high cost in model training. Moreover,
specific dynamic memory mechanism can be considered
in the field of few-shot detection so as to further enhance
performance.
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