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Abstract

Many objects do not appear frequently enough in com-
plex scenes (e.g., certain handbags in living rooms) for
training an accurate object detector, but are often found
frequently by themselves (e.g., in product images). Yet,
these object-centric images are not effectively leveraged
for improving object detection in scene-centric images.
In this paper, we propose Mosaic of Object-centric im-
ages as Scene-centric images (MOSAICOS), a simple and
novel framework that is surprisingly effective at tackling
the challenges of long-tailed object detection. Keys to
our approach are three-fold: (i) pseudo scene-centric im-
age construction from object-centric images for mitigating
domain differences, (ii) high-quality bounding box impu-
tation using the object-centric images’ class labels, and
(iii) a multi-stage training procedure. On LVIS object de-
tection (and instance segmentation), MOSAICOS leads to
a massive 60% (and 23%) relative improvement in aver-
age precision for rare object categories. We also show
that our framework can be compatibly used with other
existing approaches to achieve even further gains. Our
pre-trained models are publicly available at https://
github.com/czhang0528/MosaicOS/.

1. Introduction
Detecting objects in complex daily scenes is a long-

standing task in computer vision [15, 19, 52, 70]. With rapid
advances in deep neural networks [28, 33, 39, 60, 62] and
the emergence of large-scale datasets [41, 48, 59, 67, 77],
there has been remarkable progress in detecting common
objects (e.g., cars, humans, etc.) [4, 27, 46, 47, 49, 54, 57,
83]. However, detecting rare objects (e.g., unicycles, bird
feeders, etc.) proves much more challenging due to the in-
herent limitation of training data. In particular, complex
scenes in which an object appears pose another variation
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Figure 1. Object frequencies in scene-centric and object-centric
images. Orange bars show the number of instances per class in
the scene-centric LVIS v0.5 dataset [22]. Class indices are sorted
by the instance numbers. Black dots show the number of images in
the object-centric ImageNet datasets [11] for each corresponding
class. The two types of images have very different trends of object
frequencies. We also show three examples of both datasets, corre-
sponding to frequent, common, and rare classes in LVIS. Red and
green boxes indicate the objects. These two types of images have
different focuses and object sizes.

factor that is too diverse to capture from a small amount of
data [22, 69, 82]. Developing algorithms to overcome such
a “long-tailed” distribution of object instances in scene-
centric images (SCI) [22, 41, 48, 59] has thus attracted a
flurry of research interests [45, 63, 72].

Fortunately, the uncommon objects in scene-centric im-
ages often appear more frequently in object-centric images
(OCI) in which the objects of interest occupy the main and
most salient regions (e.g., product images). For example,
given “bird feeder” as query, a popular image search en-
gine (e.g., Google Images) mostly retrieves object-centric
“bird feeder” results. Similarly, curated object recognition
datasets such as ImageNet [11] contain more than a thou-
sand object-centric “bird feeder” images, nearly a hundred
times more than scene-centric images from LVIS v0.5 [22].
We further illustrate this point in Figure 1, in which a dis-
crepancy in frequencies of the same objects in ImageNet
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and LVIS can generally be observed (see § 3 for details).
Can we leverage such abundant object-centric images to

improve long-tailed object detection? The most common
approach to this is to leverage these images for pre-training
the object detector’s backbone [26, 27, 83]. While this gen-
eral approach may benefit various tasks beyond object de-
tection, it is highly data-intensive and does not take care of
the domain gap between the pre-training and downstream
tasks (see § 6.3 for analysis). As a result, they do not al-
ways improve the object detection accuracy [26, 83].

In this paper, we propose MOSAICOS (Mosaic of
Object-centric images as Scene-centric images), a simple
and effective framework to leverage object-centric images
for object detection. MOSAICOS directly uses object-
centric images during the training of object detectors. There
are three key ingredients. The first one is the construction
of pseudo scene-centric images from object-centric images
using mosaic1. The second one is the imputation of bound-
ing box annotations using image class labels. The third
ingredient is a multi-stage training procedure for learning
from both gold scene-centric and synthesized pseudo scene-
centric annotations. Figure 2 illustrates our framework.

Our use of mosaic and bounding box imputation to con-
struct pseudo scene-centric images from object-centric im-
ages tackles two key challenges in leveraging object-centric
images for object detection. The first challenge is a “do-
main" gap between object-centric and scene-centric images:
an object-centric image usually contains fewer (but bigger)
object instances and a less complex background and this
discrepancy is believed to unfavorably hinder knowledge
transfer [73, 78]. The second challenge is missing detection
annotations: object-centric images, either from the Inter-
net or object recognition datasets (e.g., ImageNet), are not
perfectly object-centric, usually provided without accurate
object localization in the form of bounding boxes.

Our proposed framework leads to significant accuracy
gains in long-tailed object detection and instance segmen-
tation on LVIS [22], using object-centric images from Im-
ageNet [11] and the Internet. In particular, for the task of
object detection for rare objects, we observe a significant
boost from 13% to over 20% in average precision. For the
task of instance segmentation, our approach even improves
the accuracy on common objects. More importantly, unlike
the baseline approaches, we do so without sacrificing the
accuracy on the frequent classes. Finally, we also explore
combining our approach with existing techniques [56] that
results in even better performance.
Our main contributions are summarized as follows:
• Bringing the best of object-centric images to the long-

tailed object detection on scene-centric images.

1Mosaic was exploited in [4, 9, 81], but mainly to combine multiple
scene-centric images to simulate smaller object sizes or to increase the
scene complexity, not to turn object-centric images into scene-centric ones.

• Algorithms for mosaicking and pseudo-labeling to miti-
gate the domain discrepancy between two image types.

• A multi-stage training framework that leverages the
pseudo scene-centric images (from object-centric im-
ages) to improve the detector on scene-centric images.

• Extensive evaluation and analysis of the proposed ap-
proach on the challenging LVIS benchmark [22].

2. Related Work

Long-tailed object detection has attracted increasing at-
tentions recently. The challenge is the drastically low accu-
racy for detecting rare objects. Most existing works develop
training strategies or objectives to address this [22, 32, 45,
53, 56, 63, 64, 71, 72, 74]. Wang et al. [71] found that the
major performance drop is by mis-classification, suggesting
the applicability of class-imbalanced classification methods
(e.g., re-weighting, re-sampling) [6–8, 10, 10, 21, 24, 24,
36, 38, 48, 67, 69, 80]. Different from them, we study an
alternative and orthogonal solution to the problem (i.e., ex-
ploiting abundant object-centric images).
Weakly-supervised or semi-supervised object detection
learns or improves object detectors using images with weak
supervision (e.g., image-level labels) [3, 12, 17, 43, 68] or
even without supervision [17, 35, 44, 61, 83]. They either
leverage scene-centric images or detect only a small num-
ber of common classes (e.g., classes in Pascal VOC [13],
MSCOCO [48], or ILSVRC [58]). Our work can be seen
as weakly supervised object detection, but we focus on the
challenging long-tailed detection with more than 1, 000 ob-
jects. Meanwhile, we leverage object-centric images, which
is different from scene-centric images in both appearances
and layouts. The most related work is [53], which uses the
YFCC-100M dataset [67] (Flickr images) to improve the
detection on LVIS [22]. However, YFCC-100M contains
both object-centric images and scene-centric images and a
non-negligible label noises. Thus, [53] employs more so-
phisticated data pre-processing and pseudo-labeling steps,
yet our approach achieves higher accuracy (see Table 5).

Other works use object-centric images to expand the la-
bel space of the object detector [29–31, 40, 55, 65, 66].
Such approaches mostly only use object-centric images to
learn the last fully-connected classification layer, instead of
improving the features extractor. In contrast, our approach
can improve the feature extractor, and successfully transfer
knowledge to long-tailed instance segmentation.

3. Scene-Centric vs. Object-Centric Images
Images taken by humans can roughly be categorized into

object-centric and scene-centric images. The former cap-
tures objects of interest (e.g., cats) and usually contains just
one salient class whose name is used as the image label. The
later captures a scene and usually contains multiple object
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instances of different classes in a complex background.
Recent object detection methods mainly focus on scene-

centric images [22, 48, 59]. Since scene-centric images are
not intended to capture specific objects, object frequencies
in our daily lives will likely be reflected in the images. As
such, the learned detector will have a hard time detecting
rare objects: it just has not seen sufficient instances to un-
derstand the objects’ appearances, shapes, variations, etc.

In contrast, humans tend to take object-centric pictures
that capture interesting (and likely uncommon, rare) ob-
jects, especially during events or activities (e.g., bird watch-
ing, etc.). Thus, a rare object in our daily lives may occur
more often in the online object-centric images.
Discrepancy w.r.t. object frequencies. We compare ob-
ject frequencies of the ImageNet [11] and LVIS (v0.5) [22]
datasets. The former retrieved images from the Internet
by querying search engines using the object class names
(thus object-centric). Whereas the later used MSCOCO
[48] dataset, which collects daily scene images with many
common objects in a natural context (thus scene-centric).

The full ImageNet has 21, 841 classes, whereas LVIS has
around 1, 230 classes. Using the WordNet synsets [51], we
can match 1, 025 classes (1, 016 classes are downloadable)
between them. Figure 1 shows the number of object in-
stances per class in LVIS and the number of images per cor-
responding class in ImageNet. It presents a huge difference
between object frequencies of these two datasets. For ex-
ample, ImageNet has a balanced distribution across classes
and LVIS is extremely long-tailed. Even for rare classes in
LVIS (those with < 10 training images), ImageNet usually
contains more than 1, 000 images. Such a difference offers
an opportunity to resolve the long-tailed object detection in
scene-centric images via the help of object-centric images.
Discrepancy w.r.t. visual appearances and contents. Be-
yond frequencies, these two types of images also have other,
less favorable discrepancies. The obvious one is the num-
ber of object instances per image. LVIS on average has 12.1
labeled object instances per image (the median number of
instances per image is 6). While most of the ImageNet im-
ages are not annotated with object bounding boxes, accord-
ing to a subset of images used in the ILSVRC detection
challenge [58], each image has 2.8 object instances. The
larger number of object instances, together with the inten-
tion behinds the images, implies that scene-centric images
also have smaller objects in size and more complex back-
grounds. This type of discrepancies, contrast to that in ob-
ject frequencies, is not favorable for leveraging the object-
centric images, and may lead to negative transfer [73, 78].

4. Overall Framework

To better leverage object-centric images for object detec-
tion, we present a novel learning framework, which includes

three simple2 yet effective components to handle
(a) the domain gap between two image sources;
(b) the missing bounding box labels;
(c) the integration of both image sources for training.

Figure 2 gives an illustration of our framework. Concretely,
the framework begins with pre-training an object detector
using the accurately labeled scene-centric images. Any ob-
ject detector can be applied. Without loss of generality, we
focus on Faster R-CNN [57], one of the most popular ob-
ject detectors in the literature. The pre-trained object detec-
tor serves for two purposes: it can help impute the missing
boxes in object-centric images; it will be used as the initial-
ization for training with the object-centric images.

To turn object-centric images into training examples for
object detection, we must handle both (a) and (b). We post-
pone the details of these two components to § 5. For now,
let us assume that we have processed and labeled object-
centric images with pseudo ground-truth boxes and class
labels like the labeled scene-centric images. To differenti-
ate from the original object-centric images, we call the new
images pseudo scene-centric images (see Figure 2).

The pseudo scene-centric images may still have domain
gaps from real scene-centric images, to which the learned
detector will finally be applied. Besides, the pseudo ground-
truth boxes may contain noises (e.g., wrong locations). To
effectively learn from these images (especially for rare ob-
jects) while not sacrificing the detector’s ultimate accuracy
on identifying and locating objects, we propose to fine-tune
the pre-trained object detector via two stages. In what fol-
lows, we first give a brief review of object detection.
Backgrounds on object detection. An object detector has
to identify objects with their class names and locate each of
them by a bounding box. Taking Faster R-CNN [57] as an
example, it first generates a set of object proposals (usually
around 512) that likely contain objects of interest. This is
done by the region proposal network (RPN) [57]. Faster R-
CNN then goes through each proposal to identify its class
(can be “background”) and refine the box location and size.

The entire Faster R-CNN is learned with three loss terms

L = Lrpn + Lcls + Lreg, (1)

where Lrpn is for RPN training, Lcls is for multi-class clas-
sification, and Lreg is for box refinement.
Two-stage fine-tuning. Given the pre-trained detector, we
first fine-tune it using the pseudo scene-centric images that
are generated from object-centric images (see § 5). We then
fine-tune it using the labeled scene-centric images. We sep-
arate the two image sources since they are still different

2We claim our approach to be “simple" as it employs simple methods to
address the fundamental challenges. Pseudo-labeling is an essential step to
use weakly-supervised data, and we apply simple fixed locations. We apply
mosaicking and multi-stage training to bridge the domain gap, instead of
applying sophisticated methods like domain adversarial training [16].
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Figure 2. Our MOSAICOS framework for leveraging object-centric images for long-tailed object detection. It consists of four stages.
¶ Detector Pretraining: we pre-train an object detector using scene-centric images with gold-labeled box annotations. · Pseudo-
labeling: we construct pseudo scene-centric images from object-centric images using box annotation imputation (possibly using the
pre-trained detector in stage 1) as well as mosaicking (stitching multiple images together). ¸ First-stage Fine-tuning: we fine-tune
the pre-trained detector from stage 1 with pseudo scene-centric images from stage 2. ¹ Second-stage Fine-tuning: we further fine-tune
the object detector from stage 3 using scene-centric images with gold-labeled box annotations again, similar to stage 1. Orange arrows
indicate data feeding for training. Gray arrows indicate model cloning. Green boxes indicate the (pseudo & gold-labeled) box annotations.

in appearances and label qualities. The second stage helps
adapt the detector back to real scene-centric images.

In both stages, all the three loss terms in Equation 1
are optimized. We do not freeze any parameters except
the batch-norm layers [34] in the backbone feature net-
work which are kept frozen by default. We will compare
to single-stage fine-tuning with both images and fine-tuning
using only Lcls for pseudo scene-centric images in § 6.

5. Creating Pseudo Scene-Centric Images
We now focus on the missing components of our frame-

work: generating pseudo scene-centric images from object-
centric images. Our goal is to create images that are
more scene-centric-like and label them with pseudo ground
truths. We collect object-centric images from two sources:
ImageNet [11] and Google Images. See § 6.1 for details.

5.1. Assigning Pseudo-Labels

Each object-centric image has one object class label, but
no bounding box annotations. Some images may contain
multiple object instances and classes, in which the class la-
bel only indicates the most salient object. Our goal here is
to create a set of pseudo ground-truth bounding boxes that
likely contain the object instances for each image, and as-
sign each of them a class label, such that we can use the
image to directly fine-tune an object detector.

There are indeed many works on doing so, especially
those for weakly-supervised and semi-supervised object de-
tection [3, 12, 17, 43, 44, 53, 68]. The purpose of this sub-
section is therefore not to propose a new way to compare
with them, but to investigate approaches that are more effec-
tive and efficient in a large-scale long-tailed setting. Specif-
ically, we investigate five methods that do not require an

extra detector or proposal network beyond the pre-trained
one. As will be seen in § 6.2, imputing the box class labels
using the image class label is the key to success. Figure 3
illustrates the difference of these methods. Please see the
supplementary material for other possibilities.
Fixed locations (F). We simply assign some fixed locations
of an object-centric image to be the pseudo ground-truth
boxes, regardless of the image content. The hypothesis is
that many of the object-centric images may just focus on
one object instance whose location is likely in the centre of
the image (i.e., just like those in [14, 20]). Specifically, we
investigate the combination of the whole image, the center
crop, and the four corner crops: in total six boxes per image.
The height and width of the crops are 80% of the original
image. We assign each box the image class label.
Trust the pre-trained detector (D). We apply the pre-
trained detector learned with the scene-centric images to the
object-centric images, and treat the detected boxes and pre-
dicted class labels as the pseudo-labels. Specifically, we
keep all the detection of confidence scores > 0.53. We ap-
ply non-maximum suppression (NMS) among the detected
boxes of each class using an IoU (intersection-over-union)
threshold 0.5. By doing so, every image will have boxes of
different sizes and locations, labeled with different classes.
Trust the pre-trained detector & image class labels (D†).
One drawback of the above method is its tendency to as-
sign high-frequency labels, a notorious problem in class-
imbalanced learning [36, 63, 76]. For instance, if “bird” is
a frequent class and “eagle” is a rare class, the detector may
correctly locate an “eagle” in the image but assign the la-
bel “bird” to it. To resolve this issue, we choose to trust
the box locations generated by the above method but assign

30.5 is the default threshold for visualizing the detection results.
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(a) (b) (c) (d) (e)

Figure 3. A comparison of pseudo-label generation: (a) fixed lo-
cations, (b) trust the detector, (c) trust the detector + image labels,
(d) trust the calibrated detector + image labels, and (e) localiza-
tion by region removal. The image label is “turkey,” a rare class in
LVIS. Red/blue boxes are labeled as “turkey”/other classes.

each box the image class label instead of the predicted class
labels. In other words, a box initially labeled as “bird” is
replaced by the label “eagle” if “eagle” is the image label.
The rationale is that in an object-centric image, most of the
object instances belong to the image’s class.
Trust the calibrated detector & image class labels (D‡).
Another way to resolve the above issue is to set for each
class a different confidence threshold4. The rational is
that a classifier trained with long-tailed data tends to as-
sign lower probabilities to minor classes of scarce training
data [6, 36, 37, 76]. We thus reduce the threshold for each
class according to its number of training images. Let Nmax
be the size of the most major class and let Nc be the size of
class c, we apply a threshold 0.5× (Nc/Nmax)

γ for class c,
inspired by [50]. We set γ = 0.5 according to validation.
Compared to the vanilla “trust the detector,” this method
will generate more boxes for common and rare classes. We
again replace their detected labels by the image class label5.
Localization by region removal (LORE). We investigate
yet another way for pseudo-labeling, taking the following
intuition: an image classifier should fail to predict the cor-
rect label if the true object regions are removed. To this
end, we first train a ResNet-50 [25] image classifier using
our object-centric image pool6. We then collect the pre-
trained detector’s predicted boxes on these images, trusting
the box locations but not the class labels. We sort these
boxes by how much removing each boxed region alone re-
duces the image classifier’s confidence on the image label.
We then remove these boxed regions in turn until the clas-
sifier fails to predict the true label. The bounding boxes of
the removed regions are then collected as the pseudo ground
truths for the image. We assign each box the image class la-
bel. Please see the supplementary material for details.

5.2. Synthesizing Pseudo Scene-centric Images

We apply a simple technique, i.e., image mosaic, to make
object-centric images more scene-centric, in terms of ap-
pearances, contents, and layouts. Concretely, we stitch mul-

4For Faster R-CNN, each RPN proposal can lead to multiple detected
boxes, one for each class whose probability is larger than the threshold.

5Without doing so, the approach can hardly improve “trust the detector”
due to more noisy boxes being included. See the supplementary for details.

6That is, we train the classifier with these images, and then apply this
classifier back to these images (after some regions are removed).

tiple object-centric images together to obtain a new image
that contains more object instances and classes, smaller ob-
ject sizes, and more complex background. Specifically, we
stitch 2× 2 images together, which are sampled either ran-
domly within a class, or randomly from the entire image
pool. We do not apply sophisticated stitching tools like
[5, 23, 79] but simply concatenate these images one-by-one.
The resulting images are thus more like mosaics, having ar-
tifacts along the stitched boundaries (see Figure 2).

6. Experiments

We conduct experiments and analysis for MOSAICOS,
on the tasks of long-tailed Object Detection (OD) and In-
stance Segmentation (IS). We begin by introducing the ex-
perimental setup (§ 6.1), then present the main object detec-
tion results as well as detailed ablation studies (§ 6.2, § 6.3),
and finally show additional results that evaluate our model
on instance segmentation and the other dataset (§ 6.4). We
include qualitative results in the supplementary material.

6.1. Setup

Long-tailed OD & IS datasets and metrics. We evalu-
ate our approach on LVIS instance segmentation benchmark
[22]. We focus on v0.5 as most existing works, and report
additional key results on v1.0 (more in the supplementary).
LVIS v0.5 contains 1, 230 entry-level object categories with
around 2 million high-quality annotations. The training set
contains all the classes with a total of 57, 623 image; the
validation set contains 830 classes with a total of 5, 000 im-
ages. The categories are naturally long-tailed distributed
and are divided into three groups based on the number of
training images per class: rare (1-10 images), common (11-
100 images), and frequent (>100 images). All results are
reported on the validation set. We adopt the standard mean
average precision (AP) metric in LVIS [22]. We specifically
focus on object detection using the standard bounding box
evaluation, APb. The AP on the rare, common, and frequent
classes (APbr, APbc, APbf ) are also reported separately.
Object-centric data sources. We mainly use images from
two sources: ImageNet [11] and Google Images [2]. Im-
ageNet is a classification benchmark. Most people use its
1, 000 categories version in ILSVRC [58] and treat it as the
standard dataset for backbone pre-training in various com-
puter vision tasks. The full version of ImageNet has 21, 842
classes. In LVIS and ImageNet, each category has a unique
WordNet synset ID [51], and we are able to match 1, 016
LVIS classes and retrieve the corresponding images from
ImageNet (in total, 769, 238 images). Besides, we retrieve
images via Google by querying with class names and de-
scriptions provided by LVIS. Such a text-to-image search
returns hundreds of iconic images and we take the top 100
for each of the 1, 230 classes.

421



Implementation. We use Faster R-CNN [57]7 as our base
detector and ResNet-50 [28] with a Feature Pyramid Net-
work (FPN) [46] as the backbone, which is pre-trained on
ImageNet (ILSVRC) [58]. Our base detector is trained on
the LVIS training set with repeated factor sampling, fol-
lowing the standard training procedure in [22] (1x sched-
ule). To fairly compare with our fine-tuning results, we fur-
ther extend the training process with another 90K iterations
and select the checkpoint with the best APb as Faster R-
CNN?. The following experiments are initialized by Faster
R-CNN?. See the supplementary for more details.
Baselines. We compare to the following baselines:
• Self-training is a strong baseline for semi-supervised

learning [42]. We follow the state-of-the-art self-training
method for detection [83] and use Faster R-CNN? to cre-
ate pseudo-labels on the object-centric images, same as
“trust the pre-trained detector”. We then fine-tune Faster
R-CNN? using both pseudo scene-centric and LVIS im-
ages for 90K iterations, with the normalized loss [83].

• Single-stage fine-tuning fine-tunes Faster R-CNN? with
both pseudo scene-centric and LVIS images in one stage.
In each mini-batch, we have 50% of data from each
source. Different ratios do not lead to notable differences.

• DLWL [53] is the state-of-the-art method that uses extra
unlabeled images from the YFCC-100M [67].

For self-training and single-stage training, we perform 2×2
mosaicking to create pseudo scene-centric images.
Variants of MOSAICOS. (a) We compare different object-
centric image sources and their combinations. (b) We com-
pare with or without mosaicking. (c) For mosaicking, we
compare stitching images from the same classes (so the ar-
tifacts can be reduced) or from randomly selected images.
(d) We compare different ways to generate pseudo-labels
(see § 5.1). (e) We study fine-tuning with pseudo scene-
centric images using only the classification loss Lcls.

6.2. Results on Object Detection

Main results. Table 1 summarizes the results. It shows that
the model trained with pseudo-labels generated by six fixed
location (F) has a very competitive performance compar-
ing to other strategies. We therefore consider it as the de-
fault pseudo-labeling method given its simplicity and effec-
tiveness. Meanwhile, our two-stage approach with object-
centric images outperforms Faster R-CNN? (and Faster R-
CNN) notably. On APbr for rare classes, our best result of
20.25% is ∼ 7.2% higher than Faster R-CNN?, justifying
our motivation: object-centric images that are resistant to
the long-tailed nature of object frequencies can improve ob-
ject detection in scene-centric images.
Mosaicking is useful (red in Table 1). A simple 2 × 2

7Our implementation is based on [75], which uses RoIAlign [27] in-
stead of RoIPool [18] to extract region features for R-CNN training.

Figure 4. # of objects per
object-centric image found
by LORE. We use ImageNet
images. Y-axis is the accumu-
lative percentage of images
whose objects are no more
than the X-axis number.
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stitching leads to a notable gain: ∼ 1.8% at APbr, support-
ing our claim that making object-centric images similar to
scene-centric images is important. Indeed, according to § 3,
a 2 × 2 stitched image will have around 12 objects, very
close to that in LVIS images. Stitching images from differ-
ent classes further leads to a∼ 1.0% gain (green in Table 1).
Fixed-location boxes are effective (blue in Table 1). By
comparing different ways for pseudo-labels, we found that
both localization by region removal (L) and the simple six
fixed locations (F) lead to strong results without querying
the pre-trained detector. Using six fixed locations slightly
outperforms using one location (S) (i.e., the image bound-
ary), probably due to the effect of data augmentation. All
the three methods significantly outperform “trust the pre-
trained detector” (D), and we attribute this to the poor pre-
trained detector’s accuracy on rare classes: it either can-
not identify rare classes from object-centric images or is bi-
ased to detect frequent classes. By replacing the detected
classes with the image labels and/or further calibrating the
detector for more detected boxes, i.e., “trust the (calibrated)
pre-trained detector and image label” (D†, D‡), we see a
notable boost, which supports our claim. Nevertheless, they
are either on par with or worse than fixed locations (F), es-
pecially on APbr for rare classes, again showing the surpris-
ing efficacy of the simple method. We note that, both D†
and D‡ are specifically designed in this work for long-tailed
problems and should not be seen as existing baselines.

To further analyze why fixed locations work well, we
check the numbers of boxes LORE finds per image. LORE
keeps removing regions until the classifier fails to classify
the image. The number of regions it found is thus an es-
timation of the number of target objects (those of the im-
age label) in the image. Figure 4 shows the accumulative
number of images whose object numbers are no more than
a threshold: ∼ 70% of ImageNet images have one target
object instance, suggesting that it may not be necessary to
locate and separate object instances in pseudo-labeling.
Self-training and single-stage fine-tuning. As shown in
Table 1, self-training (with D and loss normalization [83])
outperforms Faster R-CNN? on APbr. As self-training is
sensitive to the pseudo-label quality, we also apply the fixed
locations (F) to it and achieve improvement. By comparing
it to single-stage fine-tuning (with F), we see the benefit of
loss normalization between the two image sources.

By comparing self-training to its counterparts in two-
stage fine-tuning (with D and F), we however find that two-
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Table 1. Comparison of object detection on LVIS v0.5 validation set. OCIs: object-centric images sources (IN: ImageNet, G: Google).
Mosaic: 3means 2×2 image mosaicking. Hybrid: 3means stitching images from different classes. P-GT: ways to generate pseudo-labels
(F: six fixed locations, D: trust the detector, D†: trust the detector and image label, D‡: trust the calibrated detector and image class label,
L (LORE): localization by region removal, and S: a single box of the whole image). The best result per column is in bold.

OCIs Mosaic Hybrid P-GT APb APb
50 APb

75 APb
r APb

c APb
f

Faster R-CNN - - - - 23.17 38.94 24.06 12.64 22.40 28.33
Faster R-CNN? - - - - 23.35 39.15 24.15 12.98 22.60 28.42

Self-training [83]
IN 3 3 D 22.71 38.22 23.79 14.52 21.41 27.61
IN 3 3 F 23.46 39.03 24.82 16.20 22.19 27.94

Single-stage IN 3 3 F 20.09 35.34 20.27 12.96 19.08 24.20

MOSAICOS
(Two-stage)

IN 7 7 F 24.27 40.30 25.61 16.97 23.29 28.42
IN 3 7 F 24.48 40.12 25.65 18.76 23.26 28.29
IN 3 3 D 23.04 38.97 23.72 13.93 21.51 28.14
IN 3 3 D† 24.66 40.31 25.99 17.45 23.62 28.83
IN 3 3 D‡ 24.93 40.48 26.71 19.31 23.51 28.95
IN 3 3 S 24.59 40.20 25.78 19.13 23.35 28.32
IN 3 3 L 24.83 40.58 26.27 20.06 23.25 28.71
IN 3 3 F 24.75 40.44 26.09 19.73 23.44 28.39

IN+G 3 3 F 25.01 40.76 26.46 20.25 23.89 28.32

Table 2. Losses in the first fine-tuning stage.
Losses APb APb

r APb
c APb

f

Lcls 24.53 18.87 23.07 28.61
Lrpn + Lcls + Lreg 24.75 19.73 23.44 28.39

stage fine-tuning leads to higher accuracy in most cases.
This demonstrates the benefit of separating image sources
in fine-tuning, in which the second stage adapts the detector
back to accurately labeled true scene-centric images.
The amount of object-centric data (brown in Table 1). As
ImageNet only covers 1, 016 classes of LVIS, we augment
it with 100 Google images per class for all the 1, 230 LVIS
classes. We see another 0.5% gain at rare classes (APbr).

For the following analyses besides Table 1, we will fo-
cus on our approach with two-stage fine-tuning, ImageNet
object-centric images, 2× 2 mosaic with images from mul-
tiple classes, and fixed locations (F) as the pseudo-labels.
Losses in fine-tuning. We compare using all three losses of
Faster R-CNN (i.e., Lrpn +Lcls +Lreg) or just the classifica-
tion loss (i.e., Lcls) in the first-stage fine-tuning with pseudo
scene-centric images. Table 2 shows the results. The for-
mer outperforms the latter on three out of four metrics. This
tells that, while the pseudo boxes do not accurately bound
the objects, learning the RPN and box refinement with them
(e.g., to predict a high objectness score) is still beneficial.
Other baselines. We compare to state-of-the-art methods
that use no extra object-centric images in Table 3. We obtain
comparable or better results, especially on rare classes.
Compatibility with existing efforts. Our approach is com-
patible with recent efforts in better backbone pre-training
[45] and advanced training objectives (e.g., [56]). For in-
stance, following BaGS [45] to pre-train the backbone us-
ing MSCOCO images, we achieve an improved 26.28 APb

(see Table 3). Further incorporating the balanced loss [56]
into the second-stage fine-tuning boosts APb to 28.06.

Table 3. Object detection on LVIS v0.5. We use ImageNet +
Google Images. MSCOCO: for pre-training. [56]: balanced loss.

MSCOCO [56] APb APb
r APb

c APb
f

BaGS [45] 3 25.96 17.65 25.75 29.54
TFA [72] 24.40 16.90 24.30 27.70

MOSAICOS

25.01 20.25 23.89 28.32
3 26.28 17.37 26.13 30.02

3 26.83 21.00 26.31 29.81
3 3 28.06 19.11 28.23 31.41

Table 4. The importance of mosaicking object-centric images.
SCI: object-centric images in the original LVIS training set.

APb APb
r APb

c APb
f

Faster R-CNN? 23.35 12.98 22.60 28.42
Stitching SCI [4] 23.83 13.99 23.02 28.76
Stitching SCI [9] 23.58 14.00 22.58 28.66
Stitching cropped SCI [81] 23.55 13.40 23.04 28.26
MOSAICOS 24.75 19.73 23.44 28.39

6.3. Detailed Analysis of MOSAICOS

The importance of object-centric images. In Table 1, we
show that even without mosaic, the use of object-centric im-
ages already notably improves the baseline (APb: 24.27 vs.
23.35). Here, we further investigate the importance of mo-
saic of object-centric images: our use of mosaic is different
from [4, 9, 81], which stitch scene-centric images in the
training set to simulate smaller objects or increase the scene
complexity. We apply their methods to stitch LVIS images
and study two variants: stitching scene-centric images [4, 9]
or the cropped objects [81] from them. Table 4 shows that
MOSAICOS surpasses both variants on rare and common
objects, justifying the importance of incorporating ample
object-centric images to capture the diverse appearances of
objects, especially for rare objects in scene-centric images.
Does the quality of data sources matter? DLWL [53]
uses YFCC-100M [67], a much larger data source than Im-
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Flickr Google Images ImageNet
Figure 5. A comparison of object-centric image sources. We
show images of a rare class (“ax”) in LVIS. ImageNet [11] (right)
and Google Images [2] (middle) give images with more salient
“ax” inside, while Flickr [1] (left) gives more noisy images, either
with very small axes, cluttered backgrounds, or even no axes.

Table 5. Comparison of object detection on LVIS v0.5 using
different extra data sources. G: Google Images. IN: ImageNet.

Data APb APb
r APb

c APb
f

Faster R-CNN? – 23.35 12.98 22.60 28.42
DLWL [53] YFCC-100M 22.14 14.21 - -

MOSAICOS
Flickr 24.05 16.17 23.06 28.43
G 24.45 19.09 23.27 28.08
IN 24.75 19.73 23.44 28.39

Table 6. Object detection on the 176 overlapped classes between
ImageNet-1K (ILSVRC) and LVIS v0.5.

APb APb
r APb

c APb
f

# Category 176 21 84 71
Faster R-CNN? 26.05 14.78 23.92 31.16
MOSAICOS 27.50 21.16 25.45 31.80

ageNet. YFCC-100M images are mainly collected from
Flickr, which mixes object-centric and scene-centric im-
ages and contains higher label noises. DLWL [53] thus
develops sophisticated pre-processing and pseudo-labeling
steps. In contrast, we specifically leverage object-centric
images that have higher object frequencies and usually con-
tain only single object classes (the image labels), leading to
a much simpler approach. As shown in Table 5, our method
(with IN) outperforms DLWL by a large margin: > 5.5%
at APbr. We attribute this to our ways of strategically col-
lecting object-centric images and stitching them to make
them scene-centric-like. The fact that we identify a better
data source should not lead to an impression that we merely
solve a simpler problem, but an evidence that selecting the
right data source is crucial to simplify a problem. Figure 5
illustrates the difference among these sources.

For a fair comparison to [53] in terms of the algorithms,
we also investigate Flickr images. Since [53] does not pro-
vide their processed data, we directly crawl Flickr images
(100 per class) and re-train our algorithm. We achieve
24.05/16.17 APb/APbr, better than DLWL. Using pure
Google images beyond ImageNet can achieve 24.45/19.09.
Our novelties and contributions thus lie in both the algo-
rithm and the direction we investigate. The latter specifi-
cally leads to simpler solutions but higher accuracy.
The importance of learning for the downstream tasks.
We found 176 classes of LVIS validation set in ILSVRC.
That is, the corresponding ImageNet images used by MO-
SAICOS are already seen by the pre-trained detector’s back-
bone. Surprisingly, as shown in Table 6, MOSAICOS still

Table 7. Instance segmentation on LVIS v0.5. We use images
from IN + G as Table 1. + [56]: include the balanced loss.

AP APr APc APf

Mask R-CNN [22] 24.38 15.98 23.96 28.27
BaGS [45] 26.25 17.97 26.91 28.74

BALMS [56] 27.00 19.60 28.90 27.50
MOSAICOS 26.26 19.63 26.60 28.49

MOSAICOS + [56] 27.86 20.44 28.82 29.62

Table 8. LVIS v1.0 Results. We report both object detection and
instance segmentation performances of our method.
OD Results APb APb

50 APb
75 APb

r APb
c APb

f

Faster R-CNN? 22.01 36.36 23.14 10.57 20.09 29.18
MOSAICOS 23.90 38.61 25.32 15.45 22.39 29.30
IS Results AP AP50 AP75 APr APc APf

Mask R-CNN 22.59 35.44 23.87 12.31 21.30 28.55
MOSAICOS 24.49 38.02 25.87 18.30 23.00 28.87

leads to a notable gain for these classes, which not only jus-
tifies its efficacy, but also suggests the importance of learn-
ing the downstream tasks directly with those images.

6.4. Results on Instance Segmentation & LVIS v1.0

Instance segmentation. We also validate our approach
on instance segmentation, in a similar manner: we pre-
pare pseudo scene-centric images with box labels and use
them in the first fine-tuning stage by optimizing the losses in
Equation 1. That is, we do not optimize segmentation losses
in this stage. We apply Mask R-CNN [27] with ResNet-50
as the backbone. Table 7 shows the results: the baselines do
not use extra object-centric images. We see a notable gain
against vanilla Mask R-CNN for rare and common classes,
even if we have no segmentation labels on object-centric
images. This supports the claim in [71]: even for detec-
tion and segmentation, the long-tailed problem is mainly in
the classification sub-network. We perform on par with the
state-of-the-art methods. Details are in the supplementary.
LVIS v1.0 results. We highlight consistent empirical re-
sults on LVIS v1.0, where our approach wins in both object
detection and instance segmentation, using ResNet-50-FPN
(see Table 8). More comparisons are in the supplementary.

7. Discussion and Conclusion
We investigate the use of object-centric images to facil-

itate long-tailed object detection on scene-centric images.
We propose a concrete framework for this idea that is both
simple and effective. Our results are encouraging, improv-
ing the baseline by a large margin on not only detecting but
also segmenting rare objects. We hope that our study can at-
tract more attention in using these already available but less
explored object-centric images to overcome the long-tailed
problem. Please see the supplementary for more discussion.
Acknowledgments. We are thankful for the generous support by
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