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Object Adaptive Self-Supervised Dense
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Abstract—Self-supervised visual pre-training models have
achieved significant success without employing expensive anno-
tations. Nevertheless, most of these models focus on iconic
single-instance datasets (e.g. ImageNet), ignoring the insuffi-
cient discriminative representation for non-iconic multi-instance
datasets (e.g. COCO). In this paper, we propose a novel Object
Adaptive Dense Pre-training (OADP) method to learn the visual
representation directly on the multi-instance datasets (e.g., PAS-
CAL VOC and COCO) for dense prediction tasks (e.g., object
detection and instance segmentation). We present a novel object-
aware and learning-adaptive random view augmentation to focus
the contrastive learning to enhance the discrimination of object
presentations from large to small scale during different learning
stages. Furthermore, the representations across different scale
and resolutions are integrated so that the method can learn
diverse representations. In the experiment, we evaluated OADP
pre-trained on PASCAL VOC and COCO. Results show that
our method has better performances than most existing state-
of-the-art methods when transferring to various downstream
tasks, including image classification, object detection, instance
segmentation and semantic segmentation.

Index Terms—Dense visual pre-training, contrastive learning,
multi-scale representation.

I. INTRODUCTION

RECENTLY, self-supervised learning [1], [2], [3], [4]
shows promising performance to pre-train models [5]

without using labels. In self-supervised learning, the critical
step is to maximize the consistency of representations from
different augmentations of the same instance. These models
can be later transferred to a series of downstream tasks, e.g.,
image classification [6], object detection [7] and semantic
segmentation [8].
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Despite their success on iconic single-instance datasets like
ImageNet [9], it is still a question whether these methods
can be directly applied to non-iconic multi-instance datasets,
such as PASCAL VOC [10] and COCO [11], which are
commonly used for dense prediction tasks. For iconic datasets,
a single instance often occupies a large proportion of the
image, making it easier to enforce feature consistency of
the same instance across different views. However, non-
iconic datasets contain multiple instances at different scales,
making it more challenging than single-instance cases. In
many downstream tasks like Object Detection and Instance
Segmentation, scenarios involving multiple instances in a
single image are more complex. These complexities arise from
multiple factors, such as the presence of multiple objects,
varying scales, and different resolutions, which can influence
the effect of methods originally designed for single-instance
scenarios. Specifically, multiple-object situations can lead to
overlapping regions or ambiguities between similar objects,
while varying scales and resolutions introduce challenges in
maintaining consistent representations across views. These
issues may result in the inability of existing single-instance
methods to effectively model complex object relationships or
to accurately capture fine-scale or localized object instances.
Some self-supervised models [3], [4] employ contrastive learn-
ing of local representations during the pre-training process.
Nonetheless, they conduct learning at a fixed scale, which
ignores contexts at different scales and resolutions, limiting
their applicability and robustness across diverse downstream
tasks.

In this paper, we propose a novel Object-Adaptive Dense
Pre-training (OADP) method that can deal with multiple
instances. Specifically, we propose a novel and efficient
augmentation method with random resized cropping whose
window is object-aware and dynamically decreased to form a
prominent object pool. Then a novel cross-scale and cross-
resolution constratisve learning is introduced to make the
model more sensitive to the small and medium objects. Com-
pared to single-object single-scale methods, our method is
specifically designed to handle multiple instances and scales,
making it more broadly applicable and effective in complex,
real-world scenarios.

The experiments pre-training on non-iconic multi-instance
datasets demonstrate that our method can achieve better
performance than state-of-the-art self-supervised models. For
COCO pre-training model, our proposed OADP outperforms
CCOP and baseline BYOL by 0.9% AP and 3.0% AP in
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PASCAL VOC object detection task. Meanwhile, OADP
improves ORL and BYOL by 0.2% AP and 1.1% AP for
COCO object detection tasks and 0.1% AP and 0.8% AP
for COCO instance segmentation tasks. For PASCAL VOC
and Cityscapes semantic segmentation tasks, OADP is also
significantly better than BYOL by 1.9% and 1.8% mIoU. In the
experiments of PASCAL VOC pre-training model, we reach a
66.8% top-1 accuracy for PASCAL VOC image classification
task, surpassing by 2.1% top-1 accuracy over BYOL. These
results strongly demonstrate that the proposed paradigm can
boost various downstream tasks.

Overall, our main contribution can be summarized as fol-
lows:

1. We propose a object-aware and learning-adaptive self-
supervised pre-training framework called OADP for pre-
training on multi-instance datasets.

2. We present a novel local and cross-scale and resolution
contrastive learning with object-aware and learning-
adaptive augmentation to improve feature discrimination
at small and medium scale objects.

3. Extensive results on multi-instance datasets validate the
effect of OADP on various downstream tasks.

II. RELATED WORKS

A. Self-Supervised Learning on Iconic Single-Instance
Datasets

To extract a surrogate supervision signal in the form of a
pretext task, traditional self-supervised learning (SSL) models
utilize the input data on single-centric-object datasets, such as
ImageNet [9]. These models are later transferred for a series
of downstream tasks, e.g., image classification, object detec-
tion and semantic segmentation. The learning objective is to
learn the visual representations by distinguishing instance dis-
crimination from input augmentations. Typical augmentation
methods consist of rotation prediction [12], image colorization
[13], solving Jiasaw Puzzles [14], image inpainting [15] and
so on. They consider two augmented views of the same image
as the positive pair. Correspondingly, the negative pair is
regarded as augmented views from different images, which
is not essential for all the SSL models.

MoCo [16] employs a momentum encoder instead of the
trained network to maintain consistent representations of neg-
ative pairs from a memory bank. SwAV [17] proposes a
multi-crop paradigm, learning the visual representations from
the clusters of augmented views rather than directly learn-
ing the features from the discriminations of augmentations.
Meanwhile, SimCLR [1] introduces a learnable nonlinear
transformation between the representation and the contrastive
loss and replaces the usage of the memory bank. SimSiam
[18] put forward a method namely “stop-gradient” to address
the issue of the model Collapsing in self-supervised learning.
CIM [19] proposes a simple framework for self-supervised
learning. It randomly crops the input image (context), then
applies transformations such as scaling, reshaping, and rota-
tion to create query and input pairs, which are modeled
through a simple cross-attention block. Research results show
that its performance on self-supervised and transfer learning

benchmarks is comparable to, or even better than, the current
SOTA methods. Furthermore, BYOL [20] iteratively boot-
straps the outputs of a network and regards them as targets
for an enhanced representation to learn the discrimination
between the representation of another augmented view of
the same image. Nevertheless, the BYOL is built for the
image classification with global view, ignoring the localized
multi-instance objects that can be useful for dense prediction
tasks, and the data augmentation in CIM is overly simple and
monotonous. Our OADP is inspired by BYOL [20], which
employs two networks with one network to predict the output
of another network to avoid the training collapse and high
negative sampling cost in contrastive learning.

B. Self-Supervised Learning On Non-Iconic Multi-Instance
Datasets

Considering that global image-level representations are
unable to capture the inherent differences of local instances,
a group of works [3], [21] proposes global-and-local level
contrastive learning to remedy the issue of directly pre-
training on non-iconic multi-instance datasets. DenseCL [3]
grids the feature map and performs a grid matching mechanism
between different images to enhance the ability to perceive
local instances representations for SSL models. Nevertheless,
it employs all the local parts in contrastive learning, ignoring
the harm of the non-object background. Self-EMD [22] keeps
the convolutional feature maps as the image embedding to
preserve spatial structures and utilizes Earth Mover’s Dis-
tance to compute the similarity between two embeddings.
CCOP [23] employs selective search [24] to find rough object
regions and put forward a curriculum learning mechanism
to allow the model to consistently acquire a valid learn-
ing signal. ORL [25] also applies the selective search and
presents k-nearest-neighbor(KNN) to catch the objects for
local contrastive learning. However, the three-stage process
of this method produces incredible complexity. These afore-
mentioned methods only utilize the coarse resolution local
representations during self-supervised pretraining. Compared
with these models, our OADP performs multi-scale multi-
resolution contrastive learning with novel object-aware and
learning-adaptive augmentation to learn more discriminative
features.

C. Self-Supervised Learning Application

At present, self-supervised learning frameworks have been
widely implemented in various applications. In point cloud
upsampling tasks, [26] put forward a self-supervised upsam-
pling network to perceptive context information inside and
among local regions without large numbers of paired sparse-
dense point sets as supervision from real-scanned sparse data.
To alleviate the issues of time and expense of annotated
labels in multimodal retinal image registration tasks, [27]
propose a self-supervised model to register color fundus
images with infrared reflectance and fluorescein angiography.
In video quality assessment (VQA) tasks, to employ the
plentiful unlabeled video data and learn feature representation
in a simple-yet-effective way, [28] implement self-supervised
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Fig. 1. The overall pipeline of OADP. Given two random augmented views of an input image, the asymmetric local patches Lq and Lz′ are selected with
shape S cal × S cal and S cas × S cas. I represents the global representation of the view. We propose the concatenation of multi-resolution and multi-view for
the global-to-local loss Lgl that integrates the high-resolution low-level features of global and asymmetric local views into pre-training.

contrastive learning to capture quality-aware information by
maximizing the agreement on feature representations of future
frames. In image denoising tasks, [29] proposes a Noisy-As-
Clean (NAC) framework to train self-supervised denoising
networks only with the corrupted image. In text recognition,
self-supervised pre-training is an effective solution that reduces
reliance on large amounts of annotated real data, SSM [30]
adds the original image to its flipped view, creating a sym-
metrical overlay input. This approach has led to improvements
across various text recognition benchmarks. DegAE [31] pro-
poses a novel self-supervised pre-training paradigm based on
contrastive loss learning. By constructing a content reconstruc-
tion loss, perceptual loss, generative adversarial loss, and latent
vector loss, this approach adapts to the training requirements
of low-level vision tasks. It has achieved improvements in
tasks such as image denoising and dehazing. Since these
aforementioned methods are not for the representative dense
prediction task (e.g. object detection, image segmentation),
OADP holds the latent capacity to provide enhancement to
these dense prediction tasks.

III. OUR METHOD

In this section, we propose OADP (Object Adaptive Self-
Supervised Dense Visual Pre-Training), which introduces an
object-aware and learning-adaptive augmentation with multi-
scale and multi-resolution to learn more discriminative features
for multiple object instances without negative sampling, as
illustrated in Fig. 1.

Given an input image x in our model, two global views v and
v′ of x are transformed by random augmentation (For details,
please refer to Sec. IV-A). We also design an object-aware
and learning-adaptive process to generate a pool of prominent
objects regions from small to large scales that allows our
method to learn discriminative features for localized object
regions with contrastive learning in Sec. III-A.

Our goal is to learn an encoder network that can
extract discriminative and dense representations suitable
for dense prediction tasks on multi-instance images. The
OADP framework leverages object-aware and learning-
adaptive augmentations along with multi-scale and multi-
resolution feature integration. The main modules of OADP are
listed as follows:

Input: an image x ∈ X ;
Output: a dense feature representation z = fθ(x) ∈ Z , where
fθ is the encoder network parameterized by θ;
Encoder network: fθ maps the input image x to feature
representations at multiple scales and resolutions;
Projection head: gθ transforms the encoder outputs to a repre-
sentation space suitable for contrastive learning;
Predictor: qθ used in the online network to predict target
representations.

The pre-training step contains:

1. Data Augmentation: For each input image x, generate
two augmented global views v, v′ ∈ T (x) using object-
aware and learning-adaptive random resized cropping
and other standard augmentations (e.g., color jittering,
flipping).

2. Design an object-aware and learning-adaptive process
to generate a pool of prominent object regions P from
small to large scales, enhancing the focus on localized
object regions (cf. Sec. III-A).

3. Feature Extraction: Pass the views through the networks
to extract multi-scale and multi-resolution features from
both global views and local patches (cf. Sec. III-B).

4. Parameter Update: Learn the online network parameters
θ by minimizing the total loss L = Lglobal +Llocal +Lgl.
Learn the target network parameters θ′ as an exponential
moving average (EMA) of θ (cf. Sec. III-C).
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Fig. 2. The asymmetric structure of local contrastive scales. We crop small-scale patches from the augmentation view v and crop large-scale patches from
the augmentation view v′. The discrimination of local contrastive scale asymmetry enhances the robustness of local contrastive learning.

We explain the details of the components of OADP in
separate subsections in the following parts.

A. Object-Aware Cross-Scale Learning

Most existing self-supervised methods [1], [2], [20], [23]
employ random augmentations that are for image classification
tasks and ignore the multiple object instances for dense
prediction tasks. Therefore we propose a novel object-aware
cropping method to learn discriminative object features.

Firstly, we perform the random resized cropping in view v
and v′ of our model. We set the scale size of random resized
crop augmentation as follows:

S cale(X) = [0, S ideup − τln(epoch − beg)],
S cale(Y) = [S idelow − τln(epoch − beg),

1 − τln(epoch − beg)], epoch > beg. (1)

where S cale(X), S cale(Y) are the scale of random resized crop
in view v and v′. The scale for view v is set to a smaller number
than the scale size for view v′ to improve the compatibility
with large-scale local features. We set the upper limit of
random resized crop augmentation to S ideup for small crops
in view v, while the lower limit for large crops in view v′

is set to be S idelow. The dynamically decreasing process will
begin after beg epochs. epoch denotes the number of model
training epochs. τ represents the magnitude of the learning
adaptive process as we consider that the learning small and
medium crop’s feature is more sensitive in the early stage,
hence we perform the random resized crop with a larger scale
first with richer surrounding context information to stablize
training [32].

As illustrated in Fig. 2, we extract small-scale patches from
the augmentation view v and large-scale patches from the aug-
mentation view v′. Considering multiple objects only occupy
a small part of an image in non-iconic multi-instance datasets,
we design a prominent object pool that collects the asymmetric
local patches with a high proportion of object information. For
a augmentation view, we divide it into N×N grids. The small-
scale patch is considered as each S ca × S ca grid (S ca < N).
The number of local patches in the prominent object pool is
fixed as k (k < (N + 1 − S ca) × (N + 1 − S ca)). We only
employ the patches in this pool in the subsequent contrastive

learning processing. We utilize the image information entropy
and LC saliency value [33] to measure the objectness score
S P in the local patches. The image information entropy can
remove most uninformative background regions, and the LC
value is to identify the regions with the most prominent pixel
colors. We define S P as:

S P =

255X
i=0

p(i)log2 p(i) + γ
X
Ik∈P

255X
n=0

fnDist(g(Ik), n), (2)

where p(i) represents the proportion of a specific value i in the
pixels of the global patch. fn denotes the frequency of gray
value n in the global augmented view. We perform g(Ik) as the
gray value of pixel Ik. Dist(.) is Euclidean distance between
two gray values. The left and right terms of Eqn. 2 represent
the calculation of image information entropy and LC saliency
value, respectively. γ is set to balance the weight between two
terms.

We maintain the prominent object pool within the patch
number of k after calculating S P of each local patch. We
retrieve the local patches from the non-iconic views using the
sliding window. During this process, we record the minimum
S P of patches in the prominent object pool. Each retrieved
patch is added to the pool directly when the patch number
has not exceeded k. Otherwise, if S P of the retrieved patch
is greater than the recorded minimum S P in the pool, we
replace it with the patch with smallest S P. After all patches
in the views have been checked, there are k local patches
with representative object information in the prominent object
pool.

After obtaining prominent object pools for both small-scale
patches and large-scale patches, we design a scale-aligned
operation for subsequent matching process. For each selected
small-scale patch PXi

[S g×S cas,S g×S cas] in augmentation view v, we
extend them to the same scale as large-scale patches via the
upsampling method of the bilinear interpolation. Hence, the
selected small-scale patches are enlarged to PXi

[S g×S cal,S g×S cal].
Afterwards, we employ mutual information for asymmetric

patch matching on the basis of the image information entropy.
For upsampled small-scale patches PXi

[S g×S cal,S g×S cal] and large-
scale patches PY j

[S g×S cal,S g×S cal], the mutual information M of
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two patches is formulated as:

H(PX , PY ) = −
X
a,b

pPX PY (a, b)log2 pPX PY (a, b), (3)

M(PX , PY ) = HPX + HPY − H(PX , PY ), (4)

where PX , PY represents the abbreviations of
PXi

[S g×S cas,S g×S cas], P
Y j

[S g×S cal,S g×S cal]. We define pPX PY (a, b)
as the joint probability distribution of two pixel values a, b
in two patches PX , PY . Compared to the measurement of
cosine similarity [3], mutual information is able to measure
the interrelationship of patches more accurately.

We consider the pair of the small-scale patch and the
large-scale patch with the highest mutual information M
to be the most relevant match. For each selected small-
scale patches PXi

[S g×S cas,S g×S cas], the most relevant large-scale
patch PY j

[S g×S cal,S g×S cal] will be calculated based on the mutual
information. We record the position of top-left grid of
PY j

[S g×S cal,S g×S cal] in the N × N grids as (ya( j), yb( j)), as the
position of PXi

[S g×S cas,S g×S cas] is (xa(i), xb(i)).
During the training process, we extract the feature of each

selected small-scale patch PXi
[S g×S cas,S g×S cas] and its most rele-

vant large-scale patch PY j

[S g×S cal,S g×S cal] directly from the last
feature map of backbone Resnet50 [34]. Corresponding to the
grid division paradigm we designed, the feature distribution
of the N × N feature map is 7 × 7. Each small-scale patch
can match the S cas × S cas feature in space, while large-scale
patches can spatially match the sub-feature map with shape
S cal × S cal. Hence, we extract the asymmetric local feature
via the average pooling of feature points in corresponding local
areas:

Ly = avgpool( f [a, b] | xa(i) ≤ a ≤ xa(i) + S cas − 1,
xb(i) ≤ b ≤ xb(i) + S cas − 1), (5)

Ly′ = avgpool( f [a, b] | ya( j) ≤ a ≤ ya( j) + S cal − 1,
yb( j) ≤ b ≤ yb( j) + S cal − 1), (6)

where Ly′ , Ly denotes the embedded feature of the matched
small-scale patches and large-scale patches, respectively.
f [a, b] represents the feature at coordinate (a, b) from the last
feature map of Resnet-50. avgpool is the operation of average
pooling. The local embedded feature Ly′ , Ly will be fed into
the local contrastive learning module Llocal:

Llocal ,





 Ly

‖Ly‖2
−

Ly′

‖Ly′‖2





2

2
= 2 − 2 ·

〈Ly, Ly′〉

‖Ly‖2‖Ly′‖2
, (7)

B. Object Centric Cross-Resolution Learning

Existing self-supervised models [3], [21], [23] only employ
the late layers’ features from the backbone, ignoring that
early layer’s features possess finer resolution and detailed
information. To address this issue, we propose to integrate
both fine and coarse features in cropped views of augmented
images.

The main pipeline of cross-resolution integration is illus-
trated in Fig. 3. We set the δ layer from the end of backbone
Resnet50 [34] as the high-resolution low-level feature maps,

Fig. 3. The pipeline of low and high resolution pre-training. We extract
the global and local high resolution features Il y and Ll y from the low-
level feature map of the backbone network. The low resolution features are
extracted from the last feature map.

while the low-resolution feature is the adaptive average pool-
ing of the last N × N feature maps with depth dp.

For augmented global view, we define its fine-resolution
feature Ig f as:

Ig f = maxpool{ f p | f p ∈ layerδ}, (8)

where maxpool denotes adaptive max pooling. layerδ denotes
the δ layer of Resnet50, whose shape is (N ·2δ)×(N ·2δ). Corre-
spondingly, the augmented global view’s coarse-scale feature
is defined as Igc = avgpool{ f p | f p ∈ layerδ(N × N)}(δ = 0).
Similarly, we would like to extract the fine-resolution and
coarse-resolution features of cropped patches Ip f and Ipc. After
obtaining these features, we concatenate them together:

Mz = cat(Ig f , Igc, Ip f , Ipc). (9)

We get Mz for view v. Similarly, we can compute the con-
catenated feature M′z for view v′. We feed Mz into MLP heads
and obtain the projection feature Mq and optimize with the
cross-resolution loss Lgl as:

Lgl ,





 Mq

‖Mq‖2
−

Mz′

‖Mz′‖2





2

2
= 2 − 2 ·

〈Mq,Mz′〉

‖Mq‖2‖Mz′‖2
. (10)

C. Overall Loss Function

Given the Llocal and Lgl introduced in earlier sections. The
whole loss L of OADP is given as:

L = Lglobal + Llocal + Lgl, (11)

and Lglobal is the conventional contrastive learning loss that
with:

Lglobal ,






 Ig f

‖Ig f ‖2
−

I′g f

‖I′g f ‖2







2

2

= 2 − 2 ·
〈Ig f , I′g f 〉

‖Ig f ‖2‖I′g f ‖2
, (12)

where Ig f and I′g f are the global features for view v and v′,
respectively.
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IV. EXPERIMENTS

In this section, we start by describing the non-iconic multi-
instance datasets and implementation details utilized in our
experimentation. Then, we report the performance of our
proposed OADP on a suite of downstream tasks compared
with existing state-of-the-art methods. Afterwards, extensive
ablation experiments are implemented to investigate the effect
of critical components. Finally, we visualize the results of
our OADP to confirm the superiority of our proposed model
intuitively.

A. Experimental Settings

1) Datasets: OADP utilizes two widely-used non-iconic
multi-instance datasets during pre-training: PASCAL VOC
[10] and MS COCO [11]. PASCAL VOC contains 12k images
and 28k annotated instances from daily lives, covering 20
classes that consist of four themes of person, animal, vehicle
and furniture. As a large-scale dataset, MS COCO contains
about 120k images and 890k annotated instances of 80 classes.
The images in COCO have 7.3 objects on average. Note that
we do not employ any annotations of these two datasets during
pre-training.

2) Model Settings: In OADP, Resnet50 [34] is applied as
the default backbone network. We utilize the SGD optimizer
with a weight decay of 0.0001 and a momentum of 0.9. In the
design of asymmetry of local contrastive scale, the sizes of
the small-scale patch and large-scale patch are configurated
as 1 × 1 and 2 × 2 in 7 × 7 feature maps to achieve the
optimal training efficiency. The pre-training processes are
implemented on 8 V100 GPUs with the default batchsize
256. In low and high resolution pretraining for global and
asymmetric local representations, the high-resolution low-level
feature maps are configured as the fourth layer from the
end of backbone Resnet50. We employ the cosine learn-
ing rate decay schedule with a base learning rate of 0.2.
To keep consistent with other self-supervised models, the
number of training epochs for both multi-instance datasets
PASCAL VOC [10] and MS COCO [11] is set to 800 with
a warm-up period of 4 epochs. We implement the expo-
nential moving average parameter χ from 0.99 to 1 during
training.

3) Augmentation Methods: OADP requires capturing both
global and local features at multiple scales and resolutions. We
have designed a detailed and robust data augmentation process
to support this. During the first 400 epochs of training, we
applied the following data augmentation operations:

a) Transformations for View1:
• RandomResizedCrop: the scale range is set to (0.1, 0.6),

i.e., a random crop of 10% to 60% of the original image
area is selected and resized to 224 × 224 pixels.

• RandomApply of ColorJitter: color jitter is applied with
a probability of 30%, with maximum changes of 0.8 for
brightness, contrast, and saturation, and 0.2 for hue.

• RandomGrayscale: an image is converted to gray scale
with a 20% probability.

• RandAugment: five random augmentations are applied
with a strength of 10.

• RandomHorizontalFlip: a 50% chance of horizontally
flipping the image.

• RandomApply of GaussianBlur: the Gaussian blur is
applied with a 20% probability, with a kernel size of (3, 3)
and a standard deviation randomly chosen between 1.0
and 2.0.
b) Transformations for View2: Similar to view1, but with

the following difference:
• RandomResizedCrop: the scale range is set to (0.3, 1),

meaning a random crop of 30% to 100% of the orig-
inal image area is selected and resized to 224 × 224
pixels. All other augmentation operations (e.g., ColorJit-
ter, Grayscale, RandAugment, Horizontal Flip, Gaussian
Blur) are as the same as in view1.

After 400 epoches, we dynamically adjusted the parame-
ters of data augmentation, by reducing the scale range of
RandomResizedCrop as the training progressed. The specific
adjustments were as follows:

c) Transformations for View1:
• RandomResizedCrop: the scale range is adjusted to�

0.1, 0.6 − 0.04 × ln(epoch − 400)
�
,

where ln represents the natural logarithm, and epoch is the
current epoch number. As the epoch increases, the upper
limit of the scale range gradually decreases, resulting in
smaller crop areas. All other augmentation operations
(e.g., ColorJitter, Grayscale, RandAugment, Horizontal
Flip, Gaussian Blur) remain unchanged.
d) Transformations for View2:

• RandomResizedCrop: the scale range is adjusted to:�
0.3 − 0.04 × ln(epoch − 400),
1 − 0.04 × ln(epoch − 400)

�
.

Similarly, as the epoch increases, both the upper and
lower limits of the scale range gradually decrease. All
other augmentation operations are the same as in view1.

B. Transferring to Downstream Tasks

Here, we employ our pre-trained model to a suite of down-
stream tasks, including PASCAL VOC object detection and
classification, COCO object detection and instance segmen-
tation, PASCAL VOC and Cityscapes semantic segmentation.
Afterwards, we compare the performance of our OADP model
with existing self-supervising methods.

1) Object Detection Fine-Tuned on Pascal VOC: We pre-
train our OADP model on COCO train2017 for 800 epochs
with Resnet50 used SGD optimizer with an initial learning
rate set to 0.02, momentum of 0.9, weight decay of 1 × 10−4,
and 32 batchsize. We utilize the Mask R-CNN with R50-FPN
backbone. The image scale ranged from 480 to 800 during
training and 800 at inference. Afterwards, we evaluate the
object detection performance of the COCO pre-trained model
on PASCAL VOC and compare it with other state-of-the-art
methods. After freeze the backbone of pre-trained model, we
train the detector on PASCAL VOC trainval2007+2012
and evaluate the object detection performance on PASCAL
VOC test2007. As illustrated in Table I, our proposed OADP
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TABLE I
PASCAL VOC OBJECT DETECTION RESULTS PRE-TRAIN ON COCO FOR

800 EPOCHS

TABLE II
PASCAL VOC CLASSIFICATION RESULTS PRE-TRAIN ON COCO AND

PASCAL VOC

model achieves results of 56.7% AP, 82.4% AP50 and 62.5%
AP75 on PASCAL VOC object detection tasks. These results
outperform CCOP and univip by 0.9% AP and 0.2% AP. Com-
pared with baseline BYOL, OADP can surpass it by 3.0% AP.
It can be observed that we achieve much larger enhancement
on AP75 index compared to AP50, indicating that OADP has
the significant effects to improve the localization accuracy.
These results strongly confirm the efficiency of our model on
multi-instance datasets.

2) Pascal VOC Image Classification: In addtion to COCO
train2017, we also pre-train our OADP model directly on
PASCAL VOC trainval2007+2012 for 800 epochs and the

backbone model remains ResNet50, using the SGD optimizer
with an initial learning rate of 0.1, momentum of 0.9, weight
decay of 1 × 10−4, and a batch size of 256.Subsequently, we
added a fully connected layer for fine-tuning image classifi-
cation, adjusting the learning rate to 0.03. The backbone was
frozen, and the model was further trained for 200 epochs. In
Table II, we report the top-1 image classification accuracy
on VOC test2007 with both COCO and PASCAL VOC
pretrained model. It can be observed that our OADP reaches
86.9% top-1 accuracy with COCO pre-trained model, yielding
0.2% and 6.1% top-1 accuracy improvements over state-of-
the-art method ORL and baseline BYOL. For PASCAL VOC
pre-trained model, OADP gain the enhancement of 2.1%
top-1 accuracy over BYOL. To further compare whether a
wider model structure affects performance, we continued to
fine-tune ResNet50(2x) and ResNet50(4x) on the PASCAL
VOC dataset. As reported in Table VI, ResNet50(2x) and
ResNet50(4x) improved top-1 accuracy by 0.9% and 1.7%,
respectively, compared to the standard ResNet50. It is noted
that the performance of OADP COCO pre-trained model
even yields improvements over the result of MoCoV2 pre-
trained on ImageNet. It indicates that our model possesses the
competitive performance on image classification downstream
tasks.

3) Object Detection and Instance Segmentation Fine-Tuned
on COCO: The results of MS COCO object detection and
instance discrimination are shown in Table III. The model is
pre-trained on COCO train2017 for 800 epochs. We fine-
tune all layers end-to-end on COCO train2017 using the
Mask R-CNN with R50-FPN for 90k iterations, using the
SGD optimizer with an initial learning rate of 0.1, momentum
of 0.9, weight decay of 1 × 10−4, and a batch size of 16,
and evaluate the performance on COCO val2017. It can be
observed in Table III that our OADP gains the enhancement
of 0.2% AP and 1.1% AP over state-of-the-art method ORL
and baseline BYOL for COCO Object detection task. As
for COCO instance segmentation tasks, our model can also
outperform CCOP and BYOL by 0.1% AP and 0.8% AP.
These improvements further demonstrate the superiority of
our OADP for learning the discrimination of unsupervised
localized representations. We have also fine-tuned the COCO
pre-trained model with detection transformer (DETR) [39]. We
convert the CNN backbone to MASP and BYOL pre-trained
model on COCO and random initialize the parameters of
transformers. Following UP-DETR [40], we employ the initial
learning rate 1×10−4 for transformers and 5×10−5 for the CNN
backbone. The model is fine-tuned for 300 epochs. As shown
in Table IV, our OADP yield 1.1% AP improvements over
baseline BYOL for COCO Object detection task with detection
transformer. It indicates that our self-supervised model proves
beneficial for the transformer architecture.

4) Semantic Segmentation Fine-Tuned on Pascal VOC
and Cityscapes: Table V demonstrates PASCAL VOC and
Cityscapes semantic segmentation results pre-trained on MS
COCO train2017. We utilize PASCAL VOC trainval2012
and Cityscapes train fine for FCN fine-tuning, the back-
bone model remains ResNet50, using the SGD optimizer with
an initial learning rate of 0.2, momentum of 0.9, weight decay
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TABLE III
COCO OBJECT DETECTION AND INSTANCE SEGMENTATION RESULTS

PRE-TRAIN ON COCO

TABLE IV

COCO OBJECT DETECTION WITH TRANSFORMERS

of 5 × 10−4, and a batch size of 16. The evaluation datasets
are set as PASCAL VOC val2012 and Cityscapes val2012.
As shown in Table V, our OADP yields 1.9% and 0.9% mIoU
gains over baseline model BYOL and state-of-the-art method
DenseCL. For Cityscapes semantic segmentation, OADP can
outperform BYOL and DenseCL by 1.8% mIoU and 0.6%
mIoU. These results strongly confirm that our proposed OADP
possesses a significant performance on these dense prediction
tasks.

5) Monocular Depth Estimation on NYU Depth v2 Dataset:
To evaluate the generalizability of our OADP framework, we
conducted experiments on depth estimation using the NYU
Depth v2 dataset. Following the experimental setup of BYOL,
we employed a standard ResNet-50 as the backbone network,
initialized with our pre-trained weights from MS COCO. The
model was fine-tuned on the NYU Depth v2 dataset for
approximately 3,000 steps with a batch size of 128. As shown
in Table VI, our OADP method achieved better performance
compared to models pre-trained with BYOL and SimCLR. We

TABLE V

SEMANTIC SEGMENTATION RESULTS PRE-TRAIN ON PASCAL VOC AND-
CITYSCAPES

TABLE VI

DEPTH ESTIMATION RESULTS ON NYU DEPTH V2

evaluate our method using the relative (rel) error, root mean
squared (rms) error, and the percentage of pixels (pct) where
the error max

�
dgt

dp
,

dp

dgt

�
is below 1.25n thresholds, where dp

is the predicted depth and dgt is the ground truth depth [20].
OADP is better or on par with other methods for each metric.
For instance, the challenging pct.<1.25 measure is respectively
improved by 3.7% and 1.5% compared to Supervised-IN and
SimCLR baselines.

C. Ablation Study

Here, we carry out extensive ablation experiments to further
investigate the contribution of critical components and the
most effective setting of the model parameter in our proposed
OADP.

1) Effect of Low and High Resolution Pretraining: We
evaluate the performance of concatenation of low and high
resolutions for our localized asymmetric self-supervised pre-
training elaborated in Sec III-B on PASCAL VOC object
detection tasks. All the models are pre-trained on COCO
train2017. The results are illustrated in Table VII. Layer1
denotes the first low-level feature map with high-resolution
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TABLE VII

EFFECT OF INTEGRATION OF DIFFERENT RESOLUTIONS

TABLE VIII

EFFECT OF LOCALIZED ASYMMETRIC PATCH NUMBER

representations, and layer4 represents the last 7 × 7 feature
map of the backbone. Correspondingly, layer2 and layer3
represent the middle two layers of the backbone. The fea-
ture integration paradigms of these layers are all the same,
designed in Sec III-B. We can observe that the integration
of layer1 and layer4 yields 0.2% AP enhancement over only
utilizing the last feature map. It strongly demonstrates the
positive effects of the integration of low-level high-resolution
features for localized self-supervised pre-trainings. Note that
the performance of concatenation of all layers is 0.8% AP
lower than the integration of layer1 and layer4. It indicates that
integrating too many intermediate low-level features into one
contrastive learning object will cause information redundancy
during pre-training.

2) Effect of Localized Asymmetric Patch Number: We
conduct several experiments to explore the most effective
setting of the number k of asymmetric local patches. These
experiments are carried out for PASCAL VOC image clas-
sification downstream tasks, and models are pre-trained on
PASCAL VOC trainval2007+2012 for 800 epochs. The
1 × 1 small-scale local patches and 2 × 2 large-scale local
patches have an equal number of k. As shown in Table VIII, the
performance of our OADP varies significantly with different
asymmetric patch numbers. The overall effect of k presents a
trend of descending after ascending. When we utilize about
24 asymmetric local patches, our proposed OADP obtains the
highest top-1 classification accuracy on VOC07.

3) Effect of Asymmetric Dynamic Augmentation: We inves-
tigate the effects of our proposed asymmetric dynamic
augmentation in Sec III-A via conducting experiments on

TABLE IX
EFFECT OF ASYMMETRIC MUTATIVE AUGMENTATION

TABLE X
EFFECT OF EACH LOSS COMPONENT ON PASCAL

VOC CLASSIFICATION

PASCAL VOC image classification tasks. We pre-train our
OADP model on PASCAL VOC trainval2007+2012 for
800 epochs with different settings of the random resized crop
augmentation. Table IX ablates the results of these experi-
ments. It can be observed that asymmetric scale sizes of the
random resized crop augmentation with dynamic decreasing
outperform equivalent scale sizes by 0.5% top-1 accuracy on
VOC07. It strongly demonstrates that our proposed asymmet-
ric dynamic augmentation can improve the performance of
self-supervised models in OADP.

4) Effect of Each Loss Component: We conducted ablation
experiments to evaluate the contribution of each component
of our model to OADP. Specifically, OADP introduces the
improvement over BYOL, corresponding to the losses Lglobal,
Llocal, and Lgl. In this set of experiments, we controlled
the participation and contribution of each component to the
training process by adjusting the weight parameters of the
corresponding losses. All models with different loss combina-
tions were pre-trained on COCO train2017 for 800 epochs
using the same training parameters. Subsequently, each model
was fine-tuned on the PASCAL VOC image classification
downstream task. As shown in Table X, the results indicate that
the model achieves the best performance when all three losses
are involved with equal weight parameters. Models trained
with any two-loss combinations outperform those using only
one loss. Among single-loss models, Lglobal outperforms both
Llocal and Lgl.

5) Effect of Mutual Information for Patch Matching:
To demonstrate the effectiveness of mutual information in
patch patching, we compare it with the cosine similarity.
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TABLE XI
EFFECT OF SIMILARITY MEASUREMENT FOR PATCH MATCHING ON

PASCAL VOC CLASSIFICATION

TABLE XII
EFFECT OF CONTRASTIVE LOSS FUNCTIONS ON

PASCAL VOC CLASSIFICATION

Both methods are pre-trained with identical training param-
eters for 800 epochs on the COCO train2017 dataset.
Fine-tuning is then performed on the PASCAL VOC image
classification downstream task. As shown in Table XI,
the model using mutual information for patch matching
achieved 1.2% higher accuracy than the model using cosine
similarity. This result aligns with the fact that mutual infor-
mation is better than cosine similarity for capturing region
differences.

6) Effect of Contrastive Loss Functions: To explore the
impact of different contrastive loss functions on our model, we
conducted ablation experiments comparing cosine similarity
and Mean Squared Error (MSE) loss following [1] and [20].
We replaced the cosine similarity in our loss calculations
Lglobal, Llocal, and Lgl with MSE loss. Both models were pre-
trained on the COCO dataset for 800 epochs using identical
training configurations. Fine-tuning was then performed on
the PASCAL VOC image classification downstream task. As
shown in Table XII, the model trained with cosine similarity
as the loss function outperformed the model trained with
MSE loss by 0.3% on the VOC07 image classification val-
idation set. The cosine similarity provides the performance
improvement over MSE, which is more suitable for our
method.

7) Effect of Date Augmentation: To explore the effect of
data augmentation during the pre-training phase, we designed
three different combinations of data augmentation experi-
ments, which is shown in Table XIII. All three experiments
used ResNet50 as the backbone, pre-trained for 800 epochs
on the PASCAL VOC trainval2007 + 2012 dataset, followed
by 200 epochs of fine-tuning on the PASCAL VOC07 image
classification task. The model using only basic augmentations
achieved the lowest accuracy, while the model with more
augmentation techniques improved accuracy by 2.4%. The best
performance was achieved by incorporating RandomResized-
Crop with dynamic adjustment, demonstrating that diverse
data augmentation and dynamic RandomResizedCrop benefit
OADP pre-training.

TABLE XIII
PASCAL VOC (VOC07 + 12) CLASSIFICATION RESULTS WITH

DIFFERENT DATA AUGMENTATION STRATEGIES. AUG1:
RANDOMRESIZEDCROP(WITHOUT DYNAMIC ADJUSTMENT);
AUG2: RANDOMHORIZONTALFLIP; AUG3: RANDOMAPPLY

OF COLORJITTER; AUG4: RANDOMGRAYSCALE; AUG5:
RANDOMAPPLY OF GAUSSIANBLUR; AUG6: RAND
AUGMENT; AUG7:RANDOMRESIZEDCROP(WITH

DYNAMIC ADJUSTMENT AFTER EPOCH 400)

Fig. 4. Heat maps generated by BYOL, ORL and OADP with CAM
tools. If the color intends to be red, the attention to this area is more strong.
Compared with baseline BYOL and ORL, OADP possesses a more accurate
activation of instance regions.

D. Visualization Results

To further understand the feature representation intuitively
learned by different self-supervised methods, we visualize the
heat maps of BYOL, ORL and our proposed OADP pre-trained
on MS COCO train2017 with CAM tools. Fig. 4 illustrates
the visualization results of these models. The red areas in the
heat maps represent the high-temperature part that the model
pays more attention to. Compared with ORL and baseline
BYOL, we can observe that our proposed OADP distinguish
the boundaries between background noises and objects more
accurately in multi-instance images. For example, in the first,
BYOL failed to focus on the horse on the left, while ORL paid
more attention to the horse on the right. In contrast, our OADP
successfully focused on both horses, forming two distinct
heatmap centers. These visualized results strongly confirm that
OADP obtains a better performance of localizing the objects
in multi-instance images than other methods.
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Fig. 5. Heat maps generated by models trained with different loss weight
combinations. The red areas indicate regions where the model focuses its
attention.

To understand the feature representations learned by dif-
ferent components of our proposed method, we visualize
the heat maps of models trained with different loss weight
combinations, which is shown in Fig. 5. The red areas in
the heat maps represent regions where the model pays more
attention. We found that when the three loss weight parameters
are equal, the model achieves the best performance. This
balanced configuration allows the model to effectively capture
the relationship between global and local features, which can
identify multiple instances within an image. No matter the
weight for which loss is reduced, the heatmap may not accu-
rately locate different instances. These visualization results
strongly confirm that each component of OADP provides is
useful on locating objects in multi-instance images.

E. Computational Cost

To demonstrate the practical performance and significance
of our method, we compared the resource consumption of
our approach with others self-supervised methods during both
training and inference. For fair comparison, all methods used
a standard ResNet50. Given the nature of contrastive loss
learning, we measured resource consumption during training
with a batch size of 2 and during inference with a batch size
of 1. The experimental results are reported in Table XIV.
From the results, we can observe that all methods have the
same GFLOPs (4 GFLOPs) during inference, as only the
backbone remains after removing the training components.
During training, BYOL requires 18 GFLOPs, about twice as
much as MoCo and SimCLR, because it generates two views
of each image. Our method, due to the need to compute multi-
scale, multi-resolution, global, and local contrastive losses,

TABLE XIV

COMPARISON OF COMPUTATIONAL COST FOR DIFFERENT METHODS
(PRE-TRAIN WITH BATCH SIZE 2 AND INFERENCE WITH

BATCH SIZE 1)

consumes 44 GFLOPs during training. Thus, our method does
not introduce excessive overhead but rather performs multiple
computations on a single image, allowing the model to learn
richer multi-scale and multi-instance information.

V. CONCLUSION

In this work, we have performed a novel self-supervised
learning framework, OADP, for visual representation learning
on non-iconic multi-instance images. It is motivated by the
analysis of the limitation for feature discrimination of multi-
scale objects in these images. To magnify the discrimination
of localized representations with the instance information and
configure adaptive augmentations, we employ the asymmetric
self-supervised design paradigms for local contrastive learn-
ing scales and configurations of resized crop augmentation.
We implement the asymmetry of local contrastive scale in
OADP to learn more discriminative local feature information
between small-scale and large-scale perspectives. Furthermore,
to leverage the prominent detail features of local objects, we
design a low and high resolution pre-training method that
integrates the low-level high-resolution features for both global
and local views of images into pre-training. Extensive experi-
mental results strongly demonstrate that our model pre-trained
on non-iconic multi-instance datasets possesses remarkable
performance for transferring to different downstream tasks.

Although we have achieved encouraging results on var-
ious tasks, there is still room to improve our method. In
out paper, since we use the combination of multi-scale and
multi-resolution feature extraction, as well as object-aware
cropping, which may increase the consumption of computa-
tional resources. More efficient feature representation methods
are desired for multi-instance images. In addition, for different
tasks, such as scene recognition and event recognition, where
foreground objects are not apparent, our method may gen-
erate too many object candidate regions, which significantly
influence the computation efficiency. For these scenarios, one
possible way is to improve the prominent region selection step
to contain more contextual information to represent the image
regions.

We expect the local asymmetric paradigms in OADP can
inspire later works in the field of unsupervised training. For
future work, we plan to investigate more effective multi-
level feature integration of local representations for contrastive
learning.

Authorized licensed use limited to: SICHUAN UNIVERSITY. Downloaded on September 16,2025 at 07:03:22 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: OBJECT ADAPTIVE SELF-SUPERVISED DENSE VISUAL PRE-TRAINING 2239

REFERENCES

[1] T. Chen, S. Kornblith, M. Norouzi, and G. Hinton, “A simple
framework for contrastive learning of visual representations,” 2020,
arXiv:2002.05709.

[2] X. Chen, H. Fan, R. Girshick, and K. He, “Improved baselines with
momentum contrastive learning,” 2020, arXiv:2003.04297.

[3] X. Wang, R. Zhang, C. Shen, T. Kong, and L. Li, “Dense con-
trastive learning for self-supervised visual pre-training,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2021,
pp. 3023–3032.

[4] E. Xie et al., “DetCo: Unsupervised contrastive learning for object
detection,” 2021, arXiv:2102.04803.

[5] R. Hadsell, S. Chopra, and Y. LeCun, “Dimensionality reduction by
learning an invariant mapping,” in Proc. IEEE Comput. Soc. Conf. Com-
put. Vis. Pattern Recognit. (CVPR), vol. 2, Jun. 2006, pp. 1735–1742.

[6] K. Wang, D. Zhang, Y. Li, R. Zhang, and L. Lin, “Cost-effective active
learning for deep image classification,” IEEE Trans. Circuits Syst. Video
Technol., vol. 27, no. 12, pp. 2591–2600, Dec. 2017.

[7] S. Jiang, S. Liang, C. Chen, Y. Zhu, and X. Li, “Class agnostic image
common object detection,” IEEE Trans. Image Process., vol. 28, no. 6,
pp. 2836–2846, Jun. 2019.

[8] Y. Tian and S. Zhu, “Partial domain adaptation on semantic
segmentation,” IEEE Trans. Circuits Syst. Video Technol., vol. 32, no. 6,
pp. 3798–3809, Jun. 2022.

[9] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei, “ImageNet:
A large-scale hierarchical image database,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit., Jun. 2009, pp. 248–255.

[10] M. Everingham, L. Van Gool, C. K. I. Williams, J. Winn, and A. Zisser-
man, “The Pascal visual object classes (VOC) challenge,” Int. J. Comput.
Vis., vol. 88, no. 2, pp. 303–338, 2010.

[11] T. Lin et al., “Microsoft COCO: Common objects in context,” in Proc.
Eur. Conf. Comput. Vis., 2014, pp. 740–755.

[12] S. Gidaris, P. Singh, and N. Komodakis, “Unsupervised representation
learning by predicting image rotations,” 2018, arXiv:1803.07728.

[13] R. Zhang, P. Isola, and A. A. Efros, “Colorful image colorization,” in
Proc. Eur. Conf. Comput. Vis. (ECCV). Cham, Switzerland: Springer,
2016, pp. 649–666.

[14] M. Noroozi and P. Favaro, “Unsupervised learning of visual represen-
tations by solving jigsaw puzzles,” in Proc. Eur. Conf. Comput. Vis.
(ECCV). Cham, Switzerland: Springer, 2016, pp. 69–84.
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