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Abstract

Few-shot object detection (FSOD) aims to expand an
object detector for novel categories given only a few in-
stances for training. The few training samples restrict the
performance of FSOD model. Recent text-to-image gen-
eration models have shown promising results in generat-
ing high-quality images. How applicable these synthetic
images are for FSOD tasks remains under-explored. This
work extensively studies how synthetic images generated
from state-of-the-art text-to-image generators benefit FSOD
tasks. We focus on two perspectives: (1) How to use syn-
thetic data for FSOD? (2) How to find representative sam-
ples from the large-scale synthetic dataset? We design a
copy-paste-based pipeline for using synthetic data. Specif-
ically, saliency object detection is applied to the original
generated image, and the minimum enclosing box is used
for cropping the main object based on the saliency map.
After that, the cropped object is randomly pasted on the im-
age, which comes from the base dataset. We also study the
influence of the input text of text-to-image generator and the
number of synthetic images used. To construct a represen-
tative synthetic training dataset, we maximize the diversity
of the selected images via a sample-based and cluster-based
method. However, the severe problem of high false positives
(FP) ratio of novel categories in FSOD can not be solved by
using synthetic data. We propose integrating CLIP, a zero-
shot recognition model, into the FSOD pipeline, which can
filter 90% of FP by defining a threshold for the similarity
score between the detected object and the text of the pre-
dicted category. Extensive experiments on PASCAL VOC
and MS COCO validate the effectiveness of our method, in
which performance gain is up to 21.9% compared to the
few-shot baseline.

1. Introduction

In recent years, we have tremendous progress in object
detection [2, 4, 24, 33, 34]. However, the impressive perfor-
mance of these models relies on a large amount of anno-
tated data. Therefore, the detectors cannot generalize well
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Figure 1. How to utilize synthetic data for FSOD? (a) The few-
shot novel categories, including bird, bus, cow, motorbike, and
sofa, are from the dataset of PASCAL VOC split 1. (b) The syn-
thetic data from Stable Diffusion. (c) The saliency detection map
of the synthetic data. (d) The cropped novel instances are based on
the minimum enclosing box of the saliency map. (e) Combining
synthetic instances and the randomly selected background from
the base dataset.

to novel categories, especially when the annotated data are
scarce. In contrast, humans can learn to recognize or de-
tect a novel object with only a few labeled examples. Few-
shot object detection (FSOD), which simulates this way,
has attracted increasing attention. In FSOD, an object de-
tector that is trained using base categories with sufficient
data (base images) can learn to detect novel categories us-
ing only a few annotated images (novel images).

The few training samples restrict the performance of
FSOD model. In FSOD, the number of objects for each
novel category is K for K-shot detection. Existing liter-
ature always controls the number of novel data (K-shot),
to carefully compare the performance of different meth-
ods. While this is helpful to drive research on sophisticated
algorithms, it is unhelpful for the industry to enhance its
few-shot based applications by incorporating external syn-
thetic data. With the recent development of generative mod-
els, the text-to-image generator has made a great process.
For example, DALL.E [32], Imagen [36], and Stable Dif-
fusion [35] can generate high-quality images by simply us-
ing the input text description. These generators can pro-
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duce diverse outcomes, implying a brighter future for indus-
trial applications such as tackling many existing few-shot or
long-tailed issues. This encourages us to explore the impact
of synthetic data from text-to-image generators on FSOD
tasks. Our study is carried out on the open-sourced Sta-
ble Diffusion. By using the generated images, we define
a new setting of (K + G)-shot for the problem of using
synthetic data for few-shot learning, consisting of K real
novel instances and G generated novel instances. Two key
questions must be answered: (1) How to use synthetic data
for FSOD? (2) How to find representative samples from the
large-scale synthetic dataset?

How to use synthetic data for FSOD? In Figure 1, the
original FSOD dataset from PASCAL VOC split1 is anno-
tated with the bounding boxes and categories. Since the
synthetic images from Stable Diffusion lack annotations,
we cannot utilize these data directly. Copy-Paste [9, 23, 28]
is a simple and effective data augmentation strategy. Ran-
domly pasting generated novel instances onto background
images can generate a combinatorial number of training
data for free. However, the original generated images can’t
be pasted onto the background image. The reason is that
using the generated images, including the non-negligible
background regions and the inaccurate bounding boxes,
leads to performance degradation shown in Table 4. To
solve this problem, saliency object detection is applied to
the original generated images, and the minimum enclosing
box is used for cropping the main object. After that, the
cropped object is randomly down-sized and pasted on the
image randomly selected from the base dataset. Besides,
we design and compare several input text formats, finding
that the performance of different text formats is related to
the few-shot settings, shown in Figure 3. Intuitively, FSOD
can benefit from more training data by increasing G in the
(K + G)-shot setting. However, using more synthetic data
can not continuously improve the FSOD model in our work.
We find that using 20 synthetic images works best in most
few-shot cases.

Since we can obtain a large amount of generated im-
ages from a text-to-image generator, finding the repre-

sentative samples is necessary. Authenticity and diver-
sity are two factors for evaluating the quality of a gener-
ated dataset. We focus on maximizing the diversity of train-
ing dataset for selecting the representative synthetic data be-
cause the authenticity of the images from Stable Diffusion
is remarkable. We introduce the sample-based and cluster-
based (k-means [13] / spectral clustering [26]) methods to
build a high-diversity dataset. Specifically, the sample-
based method applies uniform sampling to the data feature
of each category. The cluster-based method uses a cluster-
ing algorithm to separate the data feature of each category
into several sub-spaces and select one sample in each sub-
space to maximize the diversity of training dataset. We se-

lect the sample nearest to the cluster centroid for each sub-
space. CLIP [31] is used as the feature extractor for get-
ting the data feature. However, the FP of novel categories
is prominent, in which the base categories are often recog-
nized as novel ones. The problem of high FP ratio of novel
categories can not be solved by synthetic data, shown in
Figure 4. CLIP is a zero-shot model that uses natural lan-
guage to retrieve related images. We propose to integrate
CLIP into the FSOD model for filtering the FP. By comput-
ing the similarity score between the detected object from
the FSOD model and the name list of categories, we can
remove the proposals whose similarity score with the pre-
dicted category is lower than the pre-defined threshold.

Our key contributions can be summarized as: (1) To the
best of our knowledge, we are the first to leverage the ex-
ternal synthetic novel data from a text-to-image generator
for FSOD, showing significant application potential. (2)
We explore how to utilize the synthetic novel data, includ-
ing the copy-paste pipeline, the design of input text, the
number of used synthetic images, and the data selection
strategy for discovering the representative synthetic sam-
ples. (3) Our method significantly improves multiple base-
lines and achieves state-of-the-art performance on PASCAL
VOC and MS COCO.

2. Related Works

2.1. Few-shot Object Detection

FSOD is an important yet unsolved task in computer
vision. Some works use meta-learning [8, 18, 21, 40, 44],
where a meta-learner is introduced to acquire class-agnostic
meta-knowledge which is transferred to novel classes. With
the help of a meta learner that takes the support images as
well as the bounding box annotations as inputs, the fea-
ture re-weighting modules are applied to a single-stage ob-
ject detector (YOLOv2) [18] and a two-stage object detec-
tor (Faster R-CNN) [44]. [21] uses a class margin equilib-
rium (CME) approach, with the aim to optimize both feature
space partition and novel class reconstruction in a system-
atic way. Transformation invariant principle [20] is pro-
posed for various meta-learning models by introducing con-
sistency regularization on predictions from the transformed
images. TFA [39] is a simple two-stage fine-tuning ap-
proach, which significantly outperforms the earlier meta-
learning methods. MPSR [42] adopts multi-scale posi-
tive sample refinement to handle scale variance problem.
FSCE [38] aims to learn contrastive-aware object proposal
encodings that facilitate the classification of detected ob-
jects. FADI [1] uses a two-step fine-tuning framework via
association and discrimination, which builds up a discrim-
inative feature space for each novel class with two inte-
gral steps. DeFRCN [29] extends Faster R-CNN by us-
ing gradient decoupled layer for multi-stage decoupling and
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Figure 2. The pipeline of using synthetic data for FSOD. (a) During the data generation, the novel dataset is generated by Stable Diffusion.
(b) In the data selection step, the generated data is processed by the selection module to find representative samples for training. We use
the cluster-based method as an example. After that, a saliency detection is applied to the selected samples for cropping the novel instances.
The synthetic images, added to the few-shot set for training the few-shot model, are obtained by randomly pasting novel instances onto the
randomly selected background images. The Few-shot model can be any current few-shot object detector. (c) For FP retrieval, the similarity
of the object feature from the image encoder of CLIP and the text feature from the text encoder of CLIP is computed. The score thresh
filters the FP based on the similarity score.

prototypical calibration block for multi-task decoupling.
Pseudo-Labelling [19] is proposed to find previously unla-
belled instances to obtain high-quality pseudo-annotations
for novel categories from the training dataset. MFDC [43]
proposes to learn three types of class-agnostic commonal-
ities between base and novel classes: recognition-related,
localization-related and distribution commonalities, which
are able to be integrated into most of existing fine-tuning
based methods by performing distillation via a unified dis-
tillation framework.

2.2. Text-to-Image Generators

Recently, diffusion models [16, 37] have become a
promising generative modeling framework, achieving state-
of-the-art performance on image generation tasks [5, 17].
DALL.E [32] proposes a two-stage model: a prior that gen-
erates a CLIP [31] image embedding given a text caption
and a decoder that generates an image based on the im-
age embedding. Imagen [36] is a text-to-image diffusion
model based on the power of language models and diffusion
models. Using cross-attention layers, Stable Diffusion [35]
uses diffusion models to synthesize high-resolution images
for general conditioning inputs. GLIDE [27] studies dif-
fusion models for the text-conditional image synthesis by
comparing two guidance strategies: CLIP and classifier-free

guidance. The synthetic images generated from GLIDE are
used for zero-shot, few-shot, and regular image recognition
tasks [15], showing the power of synthetic data on image
recognition. However, [15] does not consider the influence
of the number of synthetic data defined by G in the (K+G)-
shot setting. By comparing Stable Diffusion to GLIDE in
Table 9, we notice that the quality of synthetic data from
Stable Diffusion is superior to that of GLIDE. Therefore,
we use Stable Diffusion in our experiments.

3. Method

3.1. Preliminary

In FSOD, given a labeled base dataset DB , there are CB

base classes with sufficient images in each class. Novel
dataset DN with novel classes CN consists of a few sam-
ples in each class. CB and CN do not have overlapping
categories. The number of instances for each class in CN

is K for K-shot detection. Using the generated images, we
define a new setting of (K+G)-shot for the problem of us-
ing synthetic data for FSOD, which consists of K real novel
instances and G generated novel instances. There are two
stages in FSOD methods [21, 38, 39]. In the pre-training
stage, the model is trained on base classes to obtain a ro-
bust feature representation. In the fine-tuning stage, the pre-
trained model is then fine-tuned on a balanced few-shot set
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Table 1. The design of prefixes in the input text, including seven
different settings: None, a, one, a5, one5, real, and adj.

Methods Prefixs Methods Prefixs

None

a ”a” one ”one”

a5

”a”

one5

’one’
’a photo of ’ ’a photo of one ’

’a photo of a ’ ’a picture of one ’
’a picture of ’ ’one photo of ’

’a picture of a ’ ’one picture of ’

real

’real ’

adj

’a photo of a good ’
’a real ’ ’a photo of a large ’

’one real ’ ’a photo of a nice ’
’a photo of a real ’ ’a photo of a cool ’

’a photo of one real ’ ’a photo of a clean ’

(or adding the synthetic novel data in our setting), including
both base and novel classes (CB ∪ CN ).

3.2. Our Pipeline

In Figure 2, there are three steps in our overall pipeline
of using synthetic data for FSOD: data generation, data se-
lection, and FP retrieval.

Data Generation To study the influence of the input text
of text-to-image generator, several representative text de-
scriptions for Stable Diffusion are designed by following
the format of prefix with the name of a category, shown in
Table 1. Specifically, We can simply use the class name as
the input text whose prefix is ”None”, or ”a / one” with the
class name. Besides, we can combine ”a / one” and ”photo /
picture” or use some additional representative adjectives as
the prefix of input text. The comparison among these text
formats will be discussed in section 4.4.2. Using the input
text, we can get many synthetic images according to the cat-
egory name. Because the entity of the input text of Stable
Diffusion is the name of a category, most of the generated
images only have one target.

Data Selection The generated novel data from Stable
Diffusion is processed by the selection module to find the
representative synthetic samples, which should be high-
quality and high-diversity. We focus on maximizing the
diversity of the selected data because the quality of the
synthetic images is high enough. The selection module is
based on the CLIP similarity score or image feature from
CLIP. We propose two types of selection methods, includ-
ing sample-based and cluster-based methods.

Gn = {Gi
n}Ni=1, Rn = {Ri

n}Mi=1 (1)

where Gn includes the generated novel instances of cate-
gory n. Gi

n is the i-th generated sample of category n. Rn is
the real novel data of category n from the few-shot dataset.
Ri

n is the i-th real sample of category n. N and M are the
numbers of generated and real novel images, respectively.

The sample-based method is directly based on the CLIP
score or image feature of CLIP. As illustrated in Equ 2,

the diversity of the generated dataset can be measured by
the CLIP score of the generated instances or the distance
between the CLIP features of generated and real novel in-
stances. High-diversity means using uniform sampling to
maximize the difference among the selected samples.

Rs =

{
Se(CLIP (Gn, T ))
Se(cos(CLIP (Gn), CLIP (Rn)))

(2)

where T is the input text. By inputting the text and im-
age, CLIP outputs the similarity score. If T is not used,
CLIP means the image encoder of CLIP, which processes
the generated and real novel images for obtaining the image
features. Se is the selection module for finding the rep-
resentative samples using uniform sampling. The distance
between the generated images and real images is computed
by the cosine similarity. Rs is the selected samples based
on the sample-based methods.

Using a clustering algorithm is the second way to find
the representative samples.

Cn = Clu(CLIP (In), kn) (3)

where Cn is the class center of category n. Clu is the clus-
tering method. kn is the number of centers of category n.
We use k-means or spectral clustering to compute the class
center. We find that using the spectral clustering algorithm
achieves the best performance.

Rc = argmin
i

cos(Cn, G
i
n)

N
i=1 (4)

We select the sample nearest to the kn cluster centroids
Cn as the representative samples for category n. The dis-
tance is computed by the cosine similarity. Rc is the sam-
ples selected by the cluster-based methods.

After finding the representative samples, we apply a
saliency detection method to these generated images. Then,
the minimum enclosing box is used for cropping the main
object based on the saliency map. Finally, the cropped
object is down-sized and pasted on the randomly selected
background from the base dataset. These synthetic novel
images are introduced into the original few-shot set to ob-
tain a new few-shot training dataset. The number of the
selected synthetic images, G in the setting of (K+G)-shot,
is a crucial hyper-parameter for FSOD, which will be dis-
cussed in section 4.4.2.

FP Retrieval In our work, the FP of novel categories is
prominent. However, the problem of high FP ratio can not
be solved by introducing synthetic data, which is shown in
Figure 4 in section 4.4.4. With the increase of generated
images, the FP ratio of the original few-shot model (w/o
CLIP) does not decrease. We propose integrating the CLIP
into the FSOD model for filtering the FP. Formally, given In
which is the few-shot training dataset of the novel category
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n, we use the FSOD model Fs to get the bounding box bbn
and the corresponding confidence score confn.

Rn = In[bbn]; confn, bbn = Fs(In) (5)

where Rn is the cropped region of In based on bbn, which
is predicted to category n by Fs.

score =
e(cos(ImgE(Rn),TextE(tn)))∑L
i=1 e

(cos(ImgE(Rn),TextE(ti)))
(6)

where ImgE and TextE are the image encoder and text
encoder of CLIP. ImgE gets the image feature of the de-
tected object Rn. TextE gets the text feature of the input
text tn of the novel category n. We compute the cosine
similarity of the image and text features. The input text ti
∈ (B ∪ N) or N means the base and novel categories or
only novel categories. L is the length of the category list.
In Table 8, we find that the selection of the category list is
related to the scale of the dataset, i.e., PASCAL VOC and
MS COCO. Finally, we use the softmax operation to get the
normalized similarity score. We remove the detection re-
sults of Rn (FP) whose score is lower than the pre-defined
CLIP threshold, which is 0.1 in our experiment. The fil-
tered results are used for final evaluation. With CLIP, we
can reduce the FP ratio up to 90 % shown in Figure 4.

4. Experiments

4.1. Datasets and Evaluation Protocols

We evaluate our methods on PASCAL VOC [6, 7] and
MS COCO [25]. In PASCAL VOC, we adopt the common
strategy [33, 34] that using VOC 2007 test set for evaluat-
ing while VOC 2007 and 2012 train/val sets are used for
training. Following [44], 5 out of its 20 object categories
are selected as the novel classes, while the remaining as the
base classes. We evaluate with three different novel/base
splits from [44], named as split 1, split 2 and split 3. Each
split contains 15 base categories with abundant data and 5
novel categories with K annotated instances for K = 1, 3, 5,
10. Following [38, 39, 44], we use the mean average preci-
sion (mAP) of novel categories at 0.5 IoU threshold as the
evaluation metric and report the results on the official test
set of VOC 2007. When using MS COCO, 20 out of 80 cat-
egories are reserved as novel classes, the rest 60 categories
are used as base classes. The detection performance with
COCO-style AP and AP75 for K = 1, 3, 5, 10, 30 shots of
novel categories are reported.

4.2. Implementation Details

Our baselines include DeFRCN [29] and MFDC [43],
which are representative methods in FSOD. These methods
use Faster R-CNN [34] with ResNet-101 [14], which are the
same as almost all FSOD methods. The training strategies

of our methods follow the selected baselines. The difference
is that we add the generated novel images to the few-shot set
for training. The G in the setting of (K+G)-shot is 20. We
adopt the ViT-B/32 [31] as the encoder of CLIP.

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

We compare our approaches to several competitive
FSOD methods. The results are shown in Table 2 and Ta-
ble 3. Following [1, 11, 19, 21, 42], we use a single run with
the same training images to get the results of different shots.

4.3.1 Results on PASCAL VOC and MS COCO.

Following [38, 39, 44], we provide the AP50 of the novel
classes on PASCAL VOC with three splits in Table 2. By
using synthetic data, our methods can outperform the base-
lines in all few-shot settings and achieve state-of-the-art per-
formance. The most obvious improvement is up to 21.9%.

We report the COCO-style AP and AP75 of the 20 novel
classes on MS COCO in Table 3. By using synthetic data,
our methods can achieve state-of-the-art performance in al-
most all settings. The performance gain in the setting of
30-shot is low, since higher shots decline the influence of
the synthetic images from another source which is different
from the data from the current domain.

4.4. Ablation Study

Following [38, 44], we do ablation studies on PASCAL
VOC split 1. We use DeFRCN as the baseline.

4.4.1 The Components in Our Pipeline

There are four essential steps for applying synthetic data to
FSOD: Add, Crop, Select, and CLIP. In Table 4, Add copies
the original synthetic images and pasts them onto the back-
ground. Crop means using saliency detection for the main
target before the pasting operation. Select is finding the top
20 representative samples from the generated dataset. CLIP
uses the encoders of CLIP after the few-shot model to fil-
ter the FP. We discover that cropping is crucial, which can
achieve 4% to 10% AP50 improvement in PASCAL VOC,
since directly using the original synthetic data hurt the per-
formance due to the inaccurate bounding boxes. Our selec-
tion strategy can improve the precision on most settings (up
to 2% in PASCAL VOC). CLIP helps the model to filter
most of FP and improve the performance up to 4%. The
best performance on MS COCO is also achieved by using
all components.

4.4.2 The Factors in Data Generation and Selection

There are three factors: the format of input text descrip-
tion, the number of used synthetic images (G in the setting
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Table 2. Comparison with state-of-the-art few-shot object detection methods on VOC2007 test set for novel classes of the three splits.
Black indicates state-of-the-art. Red is the improvement compared to the baseline. * means using our methods: the synthetic images, the
selection strategy, and the CLIP model for filtering the FP.

split 1 split 2 split 3

Methods / Shots 1 3 5 10 1 3 5 10 1 3 5 10

FRCN+ft [44] ICCV2019 11.9 29 36.9 36.9 5.9 23.4 29.1 28.8 5.0 18.1 30.8 43.4
FRCN+ft-full [44] ICCV2019 13.8 32.8 41.5 45.6 7.9 26.2 31.6 39.1 9.8 19.1 35 45.1
FR [18] ICCV2019 14.8 26.7 33.9 47.2 15.7 22.7 30.1 40.5 21.3 28.4 42.8 45.9
MetaDet [40] ICCV2019 18.9 30.2 36.8 49.6 21.8 27.8 31.7 43 20.6 29.4 43.9 44.1
Meta R-CNN [44] ICCV2019 19.9 35 45.7 51.5 10.4 29.6 34.8 45.4 14.3 27.5 41.2 48.1
TFA [39] ICML2020 39.8 44.7 55.7 56.0 23.5 34.1 35.1 39.1 30.8 42.8 49.5 49.8
MPSR [42] ECCV2020 41.7 51.4 55.2 61.8 24.4 39.2 39.9 47.8 35.6 42.3 48 49.7
CME [21] CVPR2021 41.5 50.4 58.2 60.9 27.2 41.4 42.5 46.8 34.3 45.1 48.3 51.5
FSCN [22] CVPR2021 40.7 46.5 57.4 62.4 27.3 40.8 42.7 46.3 31.2 43.7 50.1 55.6
HallucFsDet [46] CVPR2021 47 46.5 54.7 54.7 26.3 37.4 37.4 41.2 40.4 43.3 51.4 49.6
FSCE [38] CVPR2021 44.2 51.4 61.9 63.4 27.3 43.5 44.2 50.2 37.2 47.5 54.6 58.5
UPE [41] ICCV2021 43.8 50.3 55.4 61.7 31.2 41.2 42.2 48.3 35.5 43.9 50.6 53.5
QA-FewDet [10] ICCV2021 42.4 55.7 62.6 63.4 25.9 46.6 48.9 51.1 35.2 47.8 54.8 53.5
Meta faster-rcnn [11] AAAI2021 43 60.6 66.1 65.4 27.7 46.1 47.8 51.4 40.6 53.4 59.9 58.6
FADI [1] NIPS2021 50.3 54.2 59.3 63.2 30.6 40.3 42.8 48 45.7 49.1 55 59.6
DeFRCN [29] ICCV2021 53.6 61.5 64.1 60.8 30.1 47.0 53.3 47.9 48.4 52.3 54.9 57.4
FCT [12] CVPR2022 49.9 57.9 63.2 67.1 27.6 43.7 49.2 51.2 39.5 52.3 57 58.7
KFSOD [45] CVPR2022 44.6 54.4 60.9 65.8 37.8 43.1 48.1 50.4 34.8 44.1 52.7 53.9
Pseudo-Labelling [19] CVPR2022 54.5 58.8 63.2 65.7 32.8 50.7 49.8 50.6 48.4 55.0 59.6 59.6
MFDC [43] ECCV2022 63.4 67.7 69.4 68.1 42.1 53.4 55.3 53.8 56.1 59.0 62.2 63.7

DeFRCN* Ours 67.5 69.8 71.1 71.5 52 54.3 57.5 57.4 55.9 58.6 59.6 63.9
Improve +13.9 +8.3 +7 +10.7 +21.9 +7.3 +4.2 +9.5 +7.5 +6.3 +4.7 +6.5

MFDC* Ours 68.9 69.5 70.9 73.3 50.5 56.8 58.9 55.6 59.9 62.8 65.3 66.9

Improve +5.4 +1.8 +1.5 +5.2 +8.4 +3.4 +3.6 +1.8 +3.8 +3.8 +3.1 +3.2

Table 3. Few-shot object detection performance on MS COCO. Black indicates the state-of-the-art. Red is the improvement compared to
the baseline. * means using our methods: the synthetic images, the selection strategy, and the CLIP model for filtering the FP.

Methods / Shots 1 3 5 10 30

nAP nAP75 nAP nAP75 nAP nAP75 nAP nAP75 nAP nAP75

FR [18] - - - - - - 5.6 4.6 9.1 7.6
Meta R-CNN [44] - - - - - - 8.7 6.6 12.4 10.8
CME [21] - - - - - - 15.1 16.4 16.9 17.8
FSCE [38] - - - - - - 11.1 9.8 15.3 14.2
UPE [41] - - - - - - 11 10.7 15.6 15.7
TFA [39] 3.4 3.8 6.6 6.5 8.3 8.0 10 9.3 13.7 13.4
MSPR [42] 2.3 2.3 5.2 5.1 6.7 6.4 9.8 9.7 14.1 14.2
QA-FewDet [10] 4.9 4.4 8.4 7.3 9.7 8.6 10.2 9.0 11.5 10.3
Meta faster-rcnn [11] 5.0 4.6 12.7 16.6 25.7 31.8 10.8 15.8
FADI [1] 5.7 6.0 8.6 8.3 10.1 9.7 12.2 11.9 16.1 15.8
DeFRCN [29] 6.5 6.9 13.4 13.6 15.3 14.6 18.5 17.6 22.6 22.3
FCT [12] 5.6 - 11.1 - 14.0 - 17.1 17 21.4 22.1
KFSOD [45] - - - - - - 18.5 18.7 - -
Pseudo-Labelling [19] - - - - - - 17.8 17.8 24.5 25.0

MFDC [43] 10.8 11.6 15 15.5 16.4 17.3 19.4 20.2 22.7 23.2

DeFRCN* 18.1 19.5 19.2 20.2 19.8 20.4 20.7 21.3 23.1 23.9
Improve +11.6 +12.6 +5.8 +6.6 +4.5 +5.8 +2.2 +3.7 +0.5 +1.6
MFDC* 18.1 19 18.6 19.4 19.5 20.1 20.3 20.9 22.5 23
Improve +7.3 +7.4 +3.6 +3.9 +3.1 +2.8 +0.9 +0.7 -0.2 -0.2

of (K + G)-shot), and the type of pasting generated novel
instances.

In Figure 3, we analyze the influence of the number of
used synthetic images and the input text description for Sta-
ble Diffusion. As a result, we can get the following con-
clusions. First, almost all input text formats perform best
with 20 synthetic images. Second, except for the format
of ”one”, other formats have relatively high performance
on average. In detail, ”a5” and ”one5” achieve the highest
performance on average. ”a5” has the most stable curve.
Therefore, in other experiments, we use ”a5” format with

20 synthetic images per class. In Table 5, we compare
three different pasting methods: box, saliency map, and seg-
mentation map, in which these types of novel instances are
pasted onto the background. The saliency map uses the re-
sults of BASNet [30]. The segmentation map is from a su-
pervised image segmentation method: deeplabv3+ [3]. Box
uses the minimum enclosing rectangle of the saliency map.
The results are averaged by using 10 to 200 generated im-
ages for training. In conclusion, the box type achieves the
best performance in all settings.
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Table 4. The components of our methods based on DeFRCN. The
AP50 of DeFRCN on 1 to 10-shot of PASCAL VOC split1 and
MS-COCO is reported.

DeFRCN (Our impl.) [29] Add Crop Select CLIP 1-shot 3-shot 5-shot 10-shot

on PASCAL VOC

52.5 60.8 62.7 61.9
� 51.9 60 61.9 63.6
� � 62.2 65.5 66.5 67.8

� 61.8 66.6 66.3 67.4
� � � 63.5 66.3 67.5 69
� � � � 67.5 69.8 71.1 71.5

on MS-COCO
16.2 25.4 28.9 33.6

� � 25.4 28 30.1 33.8
� � � 27 30 32.3 34.7
� � � � 29.2 32.2 33.1 35.1

Figure 3. The influence of different input text for Stable Diffusion
and the number of synthetic data on the average AP50 of PASCAL
VOC split1 1 to 10-shot. There are seven types of text descriptions:
None, a, a5, one, one5, adj, and real. The X-axis is the number of
generated images (G) for each novel category.

Table 5. The type of several pasting methods. The results are
averaged by using 10 to 200 generated images for training on 1 to
10-shot of PASCAL VOC split1. The saliency map is the result of
saliency object detection. The segmentation map is the result of
a supervised image segmentation method. Box uses the minimum
enclosing rectangle of the saliency map.

Methods 1-shot 3-shot 5-shot 10-shot

Box 62.7 65.2 65.4 66.8

Saliency map 60.4 63.1 63.9 65.5
Segmentation map 61.5 63.9 64.2 66

4.4.3 The Selection Module

Table 6 compares different synthetic data selection meth-
ods. All selection methods choose 20 samples out of 200
generated images per class. The features of samples (gen-
erated or original few-shot samples) are based on the image
encoder of CLIP. We find that only considering the qual-
ity of synthetic data performs worse, such as CLIP max,

Table 6. The comparison of different data selection methods. All
selection methods choose 20 samples out of 200 generated images
per class. The features of samples are obtained from the image
encoder of CLIP. The results of the random selection are aver-
aged by five different selections. Syn max selects the top 20 sam-
ples which have the minimum distance to the mean features of all
generated images. CLIP max selects the samples with the top-20
CLIP score. Instance max selects the nearest neighbor samples ac-
cording to the mean feature of few-shot instances. CLIP uniform
is uniform sampling based on the CLIP score. Instance uniform
means uniform sampling based on the distance between the mean
features of the few-shot instances and the features of generated
images. Kmeans cluster and Spectral cluster get 20 clusters for
each category to select the nearest neighbor sample for each clus-
ter. Black is the best, and Red is the second best.

Types Methods 1-shot 3-shot 5-shot 10-shot

Others Random 62.6 65.9 66.8 68.2
Syn max 61.6 64.6 66.6 68.5

Quality-based CLIP max 59.9 64.2 65.9 67.2
Instance max 61.6 65.2 67.2 68.6

Sample-based CLIP uniform 63.4 66.1 66.7 68.6
Instance uniform 60.6 64.7 67.4 68.3

Cluster-based Kmeans cluster 62.6 66.6 66.6 67.9
Spectral cluster 63.5 66.3 67.5 69

Figure 4. The power of CLIP on reducing the number of FP. The
generated images are added to the 1-shot setting of PASCAL VOC
split1. w/o CLIP means the original few-shot model. w CLIP uses
CLIP to filter the FP. The increase of the generated images used
does not reduce the FP ratio. The FP ratio of using CLIP is much
lower than that without CLIP.

since this operation reduces the diversity of data. Focus-
ing on the high diversity of synthetic data can improve the
few-shot model, such as using a clustering or uniform sam-
pling method based on the CLIP score. The performance of
Instance uniform is not satisfactory because there is a large
deviation between the mean feature of few-shot samples and
the actual prototype of a category. The best performance is
achieved by spectral clustering.
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Table 7. The filtering thresh for reducing the FP by using CLIP.
The CLIP thresh is applied to CLIP score, which is lower than the
CLIP thresh is defined as FP.

DeFRCN (Our impl.) [29] Thresh 1-shot 3-shot 5-shot 10-shot

CLIP Thresh

0.5 65.2 68.4 68.1 69.6
0.3 65.8 68.6 67.5 69.2
0.2 66.3 70.2 70 71.2
0.1 67.5 69.8 71.1 71.5

0 63.5 66.3 67.5 69

Table 8. The category list for CLIP. The AP50 of DeFRCN on 1 to
10-shot of PASCAL VOC split1 and MS-COCO is reported. The
input of the text encoder of CLIP can be both the base and novel
classes or the novel classes only. The experiments are conducted
on PASCAL VOC and MS-COCO.

DeFRCN (Our impl.) [29] Type 1-shot 3-shot 5-shot 10-shot

on PASCAL VOC On Novel 62.2 66.3 65.7 68.1
On Base+Novel 66.3 70.2 70 71.2

on MS-COCO On Novel 29.2 32.2 33.1 35.1

On Base+Novel 27.4 29.1 30.8 31.5

4.4.4 How to Use CLIP

In Figure 4, increasing the generated images can not reduce
the FP ratio. The reduction of FP ratio by using CLIP is up
to 90 %. In Table 8, we compare two category lists used as
the input of the text-encoder of CLIP: novel and base cate-
gories or only the novel categories. Using novel and base
categories means that CLIP calculates the similarity be-
tween the input image and the input text of all categories(20
in PASCAL VOC and 80 in MS COCO). When using novel
categories, CLIP calculates the similarity between the input
image and the input text of novel categories(5 in PASCAL
VOC and 20 in MS COCO). The results show that the opti-
mal length of the name list is 20, which is all categories of
PASCAL VOC and the novel categories of MS COCO. Ta-
ble 7 shows the effect of CLIP thresh on performance. The
detected objects with the CLIP score of the predicted cate-
gories, which are lower than the CLIP threshold, are defined
as false positives. These predictions are removed for final
evaluation. The optimal CLIP threshold is 0.1.

4.4.5 Other Analysis

In Figure 5, we study the upper bound of the performance
of using synthetic data. With the increase of synthetic data,
copy-paste-based methods, such as pasting real novel in-
stances or synthetic instances, have a lower upper bound
than using the original novel images. We can notice that
the gap between pasting real and synthetic instances is
marginal, which means the synthetic images are ready for
the FSOD tasks. Using more synthetic data can boost accu-
racy when the number of data is lower than 50, but the gain
does not continue with the increase of generated data. The
performance of FSOD is mainly limited by the copy-paste

Figure 5. The influence of different types of additional images
per category: the images with the pasted synthetic novel instance
(copy-paste S), the images with the pasted real novel instance
(copy-paste R), and the real novel images (R). The results are ob-
tained by adding these images to the original 1-shot set of PAS-
CAL VOC split1 for training the DeFRCN.

Table 9. The comparison between different text-to-image gener-
ators: Stable Diffusion and GLIDE. The results of both methods
are averaged by training five times. Twenty samples are randomly
selected for each training.

Methods 1-shot 3-shot 5-shot 10-shot

Stable Diffusion [35] 62.6 65.9 66.8 68.2

GLIDE [27] 60.3 64.7 64.1 66.1

itself, not the synthetic data.
We compare another text-to-image generator (GLIDE) to

Stable Diffusion. The results in Table 9 show that the qual-
ity of the text-to-image generator affects the performance of
FSOD.

5. Conclusion

In this work, we leverage the external synthetic novel
data from a text-to-image generator for FSOD. We focus
on utilizing the synthetic novel data, including the copy-
paste pipeline, the design of input text for Stable Diffu-
sion, the number of used synthetic images, and the data
selection strategy for discovering the representative syn-
thetic data. Furthermore, we propose integrating CLIP into
the FSOD model to solve the problem of high FP ratio in
FSOD. Extensive experiments on the few-shot object detec-
tion datasets, i.e., PASCAL VOC and MS COCO, validate
the effectiveness of our method.
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