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Abstract

We present Region Similarity Representation Learning
(ReSim), a new approach to self-supervised representation
learning for localization-based tasks such as object detec-
tion and segmentation. While existing work has largely
focused on solely learning global representations for an
entire image, ReSim learns both regional representations
for localization as well as semantic image-level represen-
tations. ReSim operates by sliding a fixed-sized window
across the overlapping area between two views (e.g., im-
age crops), aligning these areas with their corresponding
convolutional feature map regions, and then maximizing
the feature similarity across views. As a result, ReSim
learns spatially and semantically consistent feature repre-
sentation throughout the convolutional feature maps of a
neural network. A shift or scale of an image region, e.g., a
shift or scale of an object, has a corresponding change in
the feature maps; this allows downstream tasks to leverage
these representations for localization. Through object de-
tection, instance segmentation, and dense pose estimation
experiments, we illustrate how ReSim learns representa-
tions which significantly improve the localization and clas-
sification performance compared to a competitive MoCo-v2
baseline: +2.7 AP%% VOC, +1.1 AP%, COCO, and +1.9
AP Cityscapes. Code and pre-trained models are released
at: https://github.com/Tete-Xiao/ReSim

1. Introduction

Recently, self-supervised pre-training has outperformed
supervised pre-training for a number of computer vision ap-
plications such as image classification and object detection
[4, 5, 6]. Much of this recent progress comes from exploit-
ing the instance discrimination task [1, 14, 37, 52, 56], in
which a network learns image-level features that are invari-
ant to certain image augmentations. Specifically, instance
discrimination maximizes the similarity of two views of an
image, where each view is an augmented version of an im-
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ReSim: view regions map to
similar spatial features

Instance Discrimination: the entire
views map to similar semantic features

Figure 1. Existing instance discrimination-based self-supervised
learning frameworks learn representations by augmenting an im-
age into two different views (e.g., cropping/scaling the input im-
age) and then maximizing the similarity between the image fea-
tures for the entire views. In this work, we present Region Sim-
ilarity Representation Learning (ReSim), which learns represen-
tations by maximizing the similarity of corresponding sub-image
regions throughout the convolutional layers of a network. In the
above example, instance discrimination learns to map both views
to the same features, despite the fact that the dog’s eyes and ears
are in different locations. On the other hand, ReSim learns features
which explicitly align these changes with corresponding changes
in the convolutional feature maps.

age, while minimizing its similarity to views which origi-
nate from other images [4, 5, 7].

Chen et al. [5] compared a diverse set of possible aug-
mentations, and found that random cropping and scaling
have the largest impact on downstream ImageNet [9] classi-
fication performance. Several follow-up works have further
explored augmentation policies and confirmed this find-
ing [43, 47, 53]. Through cropping and scaling augmen-
tations and similarity maximization, the network learns to
map various scales and crops of an image to the same fea-
ture representations. For example, an image crop of the top
half of a dog’s body and the right half of a dog’s body would
map to the same representation in the embedding space,
which a downstream task could then classify as “dog”.

However, instance discrimination uses global image-
level feature representations for these views, which is ob-
tained by average pooling the final convolutional feature
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Figure 2. ReSim takes two different views of an image as input, i.e., a query and key view obtained by cropping/scaling an image. The
views have an associated overlapping area as highlighted in each of the above views. Both views are encoded using the same network
(CNN), e.g., a ResNet-50 [27]. Before the final convolutional layers in the network, ReSim slides a fixed-size window over the overlapping
area between the two views, aligns window regions with corresponding regions in the convolutional feature maps using Precise Rol Pooling
from [30], and then maximizes the similarity between these features. Earlier layers use smaller sliding windows as the feature maps have
higher spatial resolution. Furthermore, similar to Feature Pyramid Networks [33], the feature maps are combined with semantic top-down
features from later convolution layers, as indicated by the blue arrows and “[P3]/[P4]/[P5]” layers. The feature maps following the final
convolutional layer are used for instance discrimination learning following either [6] or [7].

map. It does not enforce any type of spatial consistency in
the convolutional features (see Figure 1, “instance discrim-
ination” path). For example, different crops that scale and
shift the dog’s ear will not necessarily have a corresponding
scale and shift in the convolutional feature maps through-
out the network — instance discrimination only optimizes
the final globally pooled features. This is problematic for
downstream tasks such as object detection that leverage the
spatial information from the convolutional feature maps for
object localization.

To address this issue, we introduce Region Similarity
Representation Learning (ReSim): a self-supervised pre-
training method which learns spatially consistent features
across multiple convolutional layers. Inspired by the Re-
gion Proposal Network (RPN) used in Faster-RCNN [44],
ReSim operates by sliding a fixed-size window across the
overlapping region between two image views, mapping the
corresponding regions in each view to their associated re-
gions in the convolutions layers throughout the network,
and then maximizing the similarity of these convolution fea-
ture regions, along with the global similarity objective. See
Figure 1 for a high-level difference between ReSim and ex-
isting instance discrimination techniques, and see Figure 2
for a detailed description of the full ReSim pipeline.

As we show, maximizing the similarity of these convo-
lutional feature map regions leads to representations that
improve object localization for downstream detection and
instance segmentation tasks. Furthermore, we extend the
framework to learn features at various scales by using slid-

ing windows of multiple sizes at different feature maps.
We adopt the Feature Pyramid Network (FPN) design from
Lin et al. [33], a design which naturally incorporates fea-
ture hierarchies and propagates stronger semantic features
to earlier convolutional layers through the top-down path.
Region-level self-supervised similarity learning trains fea-
ture pyramid layers without labeled supervision and leads
to further improvement on downstream tasks.

We conduct object detection, instance segmentation, and
dense pose estimation experiments on PASCAL VOC [17],
COCO [34], and Cityscapes [8] and show that ReSim learns
representations which significantly improve the classifica-
tion and localization performance compared to a MoCo-v2
baseline, i.e., +2.7 AP5 on VOC, +1.1 AP% on COCO,
and +1.9 AP™ on Cityscapes.

2. Related work

Self-supervised representation learning. The goal of rep-
resentation learning is to reveal the intrinsic qualities of data
in such a way that they are informative and effective for a
desired task [2]. Practically, this often manifests as pre-
training a deep network so that it can be finetuned for a par-
ticular downstream task, see [10, 12, 15, 21, 25, 28, 31, 42,
57]. Recently, SImCLR [5] and MoCo [6, 25] demonstrated
substantial improvements by using similar forms of instance
contrastive learning where a network was trained to iden-
tify a pair of views originating from the same image when
contrasted with a large set of views from other images. Fol-
lowing SimCLR and MoCo, later works, such as SWAV [4]
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and BYOL [23], reported substantial improvements for im-
age classification tasks, but as several follow-up works have
shown [11, 54, 55], SWAV and BYOL do not tend to lead
to improvements on localization-based tasks such as object
detection and segmentation. This decrease in performance
indicated that strictly optimizing global, image-level repre-
sentations could decrease performance for localization.

In contrast to prior work that leveraged instance discrim-
ination to learn global, image-level representations, we pro-
pose a region-based pretext task to learn representations for
tasks which require both localization and semantic classi-
fication. In earlier work, several authors proposed repre-
sentation learning at the pixel or region level via color pre-
diction [48, 58], key-point encoding [45, 38], optical flow
similarity [13], and cycle consistency or frame prediction in
videos [32, 49]. We on the other hand build on instance dis-
crimination pretext task and simultaneously learn semantic
features from an entire image as well as regional features
across multiple scales, shifts, and resolutions.

Object detection and instance segmentation. Object de-
tection and segmentation localize and classify object bound-
ing boxes or pixels within an image — see [35] for a survey
and review. Many commonly used object detection and in-
stance segmentation techniques such as Fast-RCNN [20],
Faster-RCNN [44], and Mask-RCNN [26] operate through
a two-stage process to regress and classify the location of
the region to align with a ground truth bounding box.

Existing self-supervised methods have largely focused
on learning strong semantic representations by average
pooling the final convolutional layer, and they do not ex-
plicitly maintain spatial consistency throughout the convo-
lutional layers. In this work, we propose a self-supervised
learning method which learns both spatially consistent and
semantically sensitive regional features.

Pixel and grid-based contrastive learning. Recently, sev-
eral related papers emerged: [41] explored pixel-level con-
trastive learning, whereas our work examines region-level
consistency across the convolutional features. Wang et
al. [50] proposed contrastive learning using a grid of fea-
ture vectors over the feature maps. Rather than maximizing
the similarity of the regions, their solution was more akin to
clustering, in that they compared all combination of feature
vectors from the feature grid and maximized the similarity
of the most similar pair. As we show below, our method
demonstrates superior performance over these models.

3. Region Similarity Representation Learning
3.1. Preliminaries

State-of-the-art self-supervised representation learning
frameworks overwhelmingly exploit instance discrimina-
tion as their pretext task, see [29]. In instance discrimina-
tion, a reference image is augmented by a set of predefined

other image (feat map)

Figure 3. At each of the final convolutional layers, ReSim maxi-
mizes the similarity of aligned convolutional feature map regions
across the query and key views of an image — the positive samples.
ReSim simultaneously minimizes the similarity with a set of neg-
ative samples: the non-positive regions from the same key view
(potentially overlapping with the positive region) and any other
region from other images.

augmentation modules 7 = [T1, Tz, - - - , Ty], yielding two
views: query and key. For instance, Figure 2 shows the
query and key view after cropping and scaling augmenta-
tions. The features from the final convolutional layer from
the two views are average-pooled and then enforced to be
similar in the embedding space by a learning objective, such
as contrastive loss [5] or cosine similarity [7].

In the context of representation learning, an ideal en-
coder for localization-sensitive tasks should consistently en-
code the same image region, e.g., the same object compo-
nents across different views of an image, to the same point
in the representational embedding space. This is necessary
for tasks such as object detection with Faster-RCNN [44]
or related detectors [26, 35], which localize and then clas-
sify regions within the convolutional feature maps. When
regressing the location of the regional features, small ad-
justments to the region within the convolutional feature map
can have a large impact on the object classification predic-
tion at the pixel level, e.g., shifting a feature map region by
a few pixels may cause the region to overlap with different
objects in the input pixel space, changing the ground-truth
classification and regression target.

Similarly, different image regions, e.g., different object
components across two different views of an image, should
map to different points in the embedding space. By aligning
similar image regions to the same representations and dis-
similar image regions to dissimilar representations, down-
stream tasks can leverage the representations to localize and
classify the underlying image components. As illustrated in
Figure 2, the key and query views of the dog image cor-
respond to the same image even though the two views are
scaled and translated differently.
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When learning representations for image classification,
existing works map all regions of an image to similar rep-
resentations [5, 6]. This occurs because the widely adopted
set of augmentations from Chen et al. [5] include Random
Resized Crop (RRC), which enforces that the query and key
views always correspond to different regions in the origi-
nal image. Therefore, we propose a region-level similarity
learning component (Figure 2) which enforces that the same
regions within the views encode to the same spatially and
semantically consistent feature representations.

3.2. Framework Overview

The full ReSim framework, shown in Figure 2, operates
as follows: First, ReSim augments an input image into two
different views — a query and key, where each view is passed
through a common encoder, e.g., a ResNet-50. On a subset
of the final convolutional layers, e.g., conv3 and conv4,
ReSim slides a fixed-size window over the query view, but
only within the overlapping region between the query and
key view — this area is highlighted in Figure 2. Following
a foundational idea from feature pyramids [33], earlier lay-
ers use a smaller window because they have a higher spatial
resolution. ReSim then uses Precise Rol Pooling [30] to ex-
tract a feature vector from the associated feature map region
for both views.

ReSim uses a similarity optimization function to maxi-
mize the similarity of the aligned feature vectors from the
corresponding view regions. We chose a contrastive opti-
mization function from [25], which also takes dissimilar re-
gions from the same image as well as other images as neg-
ative examples, as illustrated in Figure 3. Note: we also
explored a cosine similarity optimization function from [7]
which does not require negative examples — see §4.

Finally, following the final convolutional layer, ReSim
adopts the global average pool of the final feature map for
an instance-level contrastive optimization from [25] or a co-
sine similarity optimization from [7]. As shown by the blue
dotted arrows in Figure 2, ReSim uses 1x1 convolutional
layers to propagate semantically strong features to the ear-
lier convolutional layers; these are known as top-down con-
nections in the original FPN work [33].

3.3. Region-level Similarity

We formulate a region as a rectangular sub-area of an
image Z described by its top, left, bottom, and right coor-
dinates (¢,1,b,r). An encoder f yields the representation
of any region of a given image, i.e., f (Z, (¢,1,b,7)). Our
objective is to perform self-supervised pre-training of the
encoder in such a way that the learned representations are
tailored for downstream tasks such as object detection and
instance segmentation.

Aligning corresponding regions. As shown in Figure 2,
ReSim performs self-supervised similarity learning on sub-

image level regions across two views of an image. Given
two augmented views Z, and Z;, from the same input im-
age 7, and a region in the query view denoted by its co-
ordinates (tq,14,bq,74), We need to find its corresponding
region in the key view. From the set of widely adopted aug-
mentations listed in the previous subsection, the only spa-
tial transformations which affect the image coordinates are
RRC and horizontal flips. We ensure that the query and
key views are either both horizontally flipped or both not
flipped, as otherwise they should have difference ground-
truth regression term for downstream tasks (see object re-
gression in [20]). Thus, it leaves us with RRC alone. De-
note the operator as R, the problem can be formulated
as, given Z, = R,(Z), I, = Ri(Z) and (ty,14,bq,7¢),
find (tg,lg, bk, %) = Rgor(tg: lg,bg,7¢). The solution
is trivial as RRC is simple linear translations, therefore
Rg—sk = Ri(R;"'), where R™! is the inverse translation
of the applied spatial transformations.

Generating candidate regions and extracting features.
ReSim generates candidate regions for the region-level con-
trastive learning by sliding a small window across the over-
lapping region between the query and key view — see Fig-
ure 2. The overlapping areas between the query and key
views are selected as valid areas for the sliding window be-
cause they can be mapped between the views.

Rather than cropping regions from query/key images and
feeding them into encoders, we encode an entire image and
extract region features through Precise Rol Pooling [30]
which takes in a rectangular window and a convolutional
feature map, and yields features of the input window in the
size of hxwxc, where we set h = 1 and w = 1 to create a
feature vector from the region, and c is the same as the num-
ber of input feature map channels. Given a candidate region
on the input views, ReSim performs region-level similarity
across multiple convolutional feature maps at the end of the
network, e.g., using C'3 and C'4 as shown in Figure 2.

Region similarity on feature pyramids. Lin et al. [33]
proposed Feature Pyramid Networks (FPNs), an object de-
tection architecture which combined the low-resolution, se-
mantically strong features from later convolutional layers
with high-resolution, semantically weak features from ear-
lier layers via top-down connections. As shown by the blue
dotted arrows in Figure 2, we add top-down connections to
propagate semantically strong features to the earlier convo-
lutional layers used for region similarity learning — we call
this variant ReSim-FPN. We follow the proposed method-
ology from [33]: we use lateral convolutional connections
to map the output of the convolutional layers to FPN lay-
ers (indicated with { P3, P4, P5} in Figure 2), and then di-
rectly add the top-down layers after using nearest neighbor
sampling to match the spatial resolutions and 1x 1 convolu-
tional layers to match the channel dimensions.
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Similarity learning objectives. Denote the 4-tuple of a re-
gion (¢,1,b,r) as u, the set of valid region pairs in query and
key from image T as {(uj,uy), (u2,u), ..., (uy, ui)},
and the region-level similarity function

i (f(z;,u;). f(1%k+wk7},u§k+’k7})/7),

ey
where the positive sample Z, = T,(I), Zr, = Tx.(I), f(I,u)
is the Precise Rol-pooled feature of region u from image Z,
and the negative pairs can be any image and region pairs
not identical to Z, and u, — see Figure 3. 7 is a temperature
parameter to regularize the similarity distribution. We learn
the region-level similarity for a query via the following ob-
jective:

k
1 < BT
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Denote the image-level similarity function with global
average pooling (GAP) as

DR} = exp (f(Z;,GAP) - f(Zy(,—y, GAP) /7).

3)
We use the global image-level similarity from [25]:
. DF+
Lis — . 4
q Dk+ + Zk‘, DFk- ( )

We combine the region-level similarity and global
image-level similarity objective via a weighting hyperpa-
rameter, ), to yield the final objective:

Ly=LF+ LY. (5)
3.4. Framework Configurations

We use two 3x3 convolutions on C4/P4 or P3 to
project the feature maps to 128 channels. The first convo-
lution is followed by Batch Normalization (BN) and ReLU
activation. The similarity boxes shown in Figure 2 compute
the similarity between aligned convolutional feature map re-
gions. For this similarity computation, we use a momentum
contrastive similarity with the associated settings from [6]
as default, while we also investigated a cosine similarity
with settings from [7] — see §4.1.

For the region-based contrastive similarity, we take neg-
ative samples to be both the non-positive regions from the
same key view and any other region from other images (Fig-
ure 3). WWe find that using a momentum-based queue to
maintain a large number of negative samples is unnecessary
for region-level samples as there are a large number of neg-
ative region samples within each batch, i.e., we can generate
over 30,000 negatives within a mini-batch of 256 images on
C4 — see the appendix for more details.

pre-train AP APsg AP75
random init. 33.8 60.2 33.1

supervised 44.0 72.8 45.5
MoCo-v2 54.4 80.1 60.0
ReSim-C4 559 (+1.5) 81.3 (+1.2) 62.1 (+2.1)

Table 1. Comparisons of ReSim and MoCo-v2 [25] on PASCAL
VOC object detection task. The models are pre-trained on IN-
100, the weights of which are transferred to a Faster R-CNN R50-
C4 subsequently finetuned on VOC trainval07+12, and eval-
vatedon test2007. AP is the average precision at k£ IoU thresh-
old, and AP is the COCO-style metric ([0.5:0.95:0.05]). In
the brackets are the deltas to the MoCo-v2 baseline.

We design two variations of ReSim: 1) ReSim-C4,
which applies region-similarity learning on ResNet C'4 fea-
ture map without FPN; and 2) ReSim-FPN, which applies
region-similarity learning on FPN P3 and P4 feature maps.
When applying the Precise Rol Pooling operator to obtain
the features for the convolutional feature map regions, we
apply the pooling operator on C'4/P4 with a down-sampling
rate of 16, and on feature map P3 with a down-sampling
rate of 8. By default, we use a sliding window of 48 pixels
with a stride of 32 pixels on the input image on C'4/P4, and
a sliding window of 32 pixels with a stride of 24 pixels on
P3. We ablate these settings in § 4.1.

4. Experiments

We study the transfer capability of ReSim for
localization-dependent downstream tasks. We perform
self-supervised pre-training on two splits of the ImageNet
dataset [9]: 1) 1000-category ImageNet (IN-1K), the stan-
dard ImageNet training set containing ~1.25M images; and
2) 100-category ImageNet (IN-100), a subset of IN-1K split
containing ~125k images, following previous works [46,
53]. The pre-trained model is subsequently finetuned
on PASCAL VOC [18] for object detection, COCO [34]
and Cityscapes [8] for instance segmentation, and Dense-
Pose [24] for dense pose estimation. For the ablation stud-
ies, we use IN-100 for pre-training. We report full IN-1K
results for selected best models.

Training. Our hyperparameters closely follow the adopted
self-supervised learning framework MoCo-v2 [6]. We use
a ResNet-50 [27] backbone, pre-training for 200 epochs for
IN-1K, 500 epochs for IN-100, with a mini-batch size of
256 on 8 GPUs. See A.l for more details. ReSim-FPN
takes ~62 hours to train 200 IN1K-epochs with 8 NVIDIA
V100 GPUs, compared to ~53 hours for MoCo. Note that
the design of ReSim does not affect the complexity of its
transferred downstream model.

4.1. IN-100 Study

Setup. Throughout these experiments, we adopt the com-
monly used PASCAL VOC object detection task [16]. We
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pre-train AP APso AP75
SimSiam 54.6 80.6 60.7
+ReSim-C4 55.7 (+1.1) 81.2 (+0.6) 61.9 (+1.2)
MoCo-v2 54.4 80.1 60.0
+ReSim-C4 55.9 (+1.5) 81.3 (+1.2) 62.1 (+2.1)

Table 2. Building ReSim on various self-supervised represen-
tation learning frameworks, i.e., SimSiam [7] and MoCo-v2.
All models are obtained by self-supervised pre-training on IN-
100, transferring weights to a Faster R-CNN R50-C4 detector sub-
sequently finetuned on VOC trainvalO7+12, and evaluated
on test2007. We use the prediction and projection heads as
in [7] for ReSim on SimSiam. The improvement over SimSiam
shows that ReSim is applicable to multiple frameworks.

use a Faster R-CNN [44] with R50-C4 [26] backbone. As
in [25], we unfreeze all BN layers and synchronizing their
statistics across GPUs [40] during training. The short-side
length of input images is randomly selected from [480, 800]
pixels during training and fixed at 800 for inference. Train-
ing is performed on trainval07+12 set (~16.5k im-
ages), and testing is performed on test2007 set (~4.9k
images), unless otherwise specified. The network is trained
on 8 GPUs of mini-batch size 16. Training takes 24,000
iterations with a base learning rate 0.02. The learning rate
is decreased by a factor of 1/10 at the 18,000 and 22,000
iteration. All settings follow [25].

Comparisons with baselines. We first compare the ReSim
framework with similarity learning on C4 (ReSim-C4) to
the MoCo-v2 baseline. Since ReSim is built on MoCo-v2,
the key difference between the two frameworks is the pres-
ence of similarity learning across the convolutional feature
map regions in ReSim. Table 1 shows the VOC transfer
results of the two frameworks, as well as the models which
are supervise pre-trained on ImageNet and randomly initial-
ized. Albeit competing against a strong reference, ReSim
surpasses MoCo-v2 by a large margin of 1.5, 1.2 and 2.1
at AP, APsg, and APs, respectively. The performance gap
at high AP metric (AP7s) is larger than it at low AP metric
(APsg) which is less localization-dependent.

Self-supervised learning frameworks. We investigated
ReSim with an additional self-supervised learning frame-
work. Specifically, we selected the recently proposed
Siamese-based framework, SimSiam [7], for its simplicity
and effectiveness. We use identical designs of its projec-
tion and prediction heads (see their reference for details)
for ReSim as the image-level similarity learning heads pre-
sented in SimSiam for consistency. Note that since those
heads have several sequentially connected 2048 channel
layers rather than a single 2048-128 channel connection
used in MoCo-v2, the design significantly increases com-
putational complexity over ReSim on MoCo, i.e., ReSim-
FPN based on SimSiam takes 46.7 hours to train on IN-100,
compared to 15.5 hrs for ReSim-FPN based on MoCo.

pre-train window AP APs AP75
MoCo-v2 N/A 54.4 80.1 60.0
ReSim-C4 | W16-S16 55.0 80.7 61.3
ReSim-C4 | W48-S16 55.8 81.2 61.6
ReSim-C4 | W48-S32 559 81.3 62.1
ReSim-C4 | W64-548 56.0 81.0 62.7
(a) Full finetuning setting on VOC

pre-train window AP APs AP75
MoCo-v2 N/A 47.1 754 50.6
ReSim-C4 | W16-S16 48.7 76.0 532
ReSim-C4 | W48-S16 49.5 76.7 54.1
ReSim-C4 | W48-S32 50.0 77.2 55.0
ReSim-C4 | W64-548 49.7 77.2 54.3

(b) Frozen-backbone setting, finetuning on VOC

Table 3. Comparisons of various sliding window sizes and
strides under (a) full-finetuning and (b) frozen-backbone set-
tings. “WI-Sk” denotes sliding a window of size I x[ at stride k.
ReSim-C4 by default uses W48-S32 setting. Inspired by the lin-
ear classification metric for classification, in the frozen-backbone
setting the backbone of object detector is frozen from finetuning
to directly evaluate the quality of features for object detection.
The more significant improvement in the frozen-backbone setting
implies ReSim learns features of better quality for localization-
dependent task.

Table 2 shows the results. ReSim built upon SimSiam
improves the baseline by 1.1, 0.6 and 1.2 at AP, APs, and
APj7s, respectively, and is comparable to ReSim built upon
MoCo. Due to the extra pre-training time, we choose MoCo
as our backbone framework.

Frozen backbone for finetuning on VOC. Linear classifi-
cation, i.e., training a linear classifier on a frozen backbone
is widely adopted to evaluate the representations for clas-
sification [4, 5, 7, 25, 23, 52]. We design a similar feature
evaluation experiment on object detection. After transfer-
ring the self-supervise pre-trained weights to a Faster R-
CNN object detector, we freeze the backbone and finetune
the RPN and object classifier head on labeled object data,
as RPN is randomly initialized and object classifier is task-
specific. For the Faster R-CNN R50-C4 detector, specifi-
cally, all weight layers from C'1 to C'4 feature map, along
with statistics of BN layers are frozen; weights in RPN and
C5 (object classification head) are finetuned. According to
Goyal et al. [22], this type of evaluation is ideal for rep-
resentation learning because finetuning an entire network
“evaluates not only the quality of the representations but
also the initialization and optimization method.”

Table 3(b) shows the results. ReSim improves the base-
line MoCo-v2 (default W48-S32) by 2.9, 1.8, 4.4 at AP,
APsg, and AP7s, respectively, a much larger margin com-
pared to the full-finetune setting. The improvement is par-
ticularly significant at high IoU metric AP;s. It indicates
ReSim yields features of higher quality for localization-
dependent tasks, particularly when limiting the impact of
the initialization and optimizations used during finetuning.
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pre-train AP APs AP75
random init. 33.8 60.2 33.1
supervised 53.5 81.3 58.8
Jigsaw [22] 48.9 (—4.6) 75.1 (—6.2) 52.9 (-5.9)
Rotation [22] 46.3 (=7.2) 72.5 (—8.8) 49.3 (-9.5)
NPID++ [39] 52.3 (—=1.2) 79.1 (=2.2) 56.9 (—1.9)
SimCLR [5] 51.5 (=2.0) 79.4 (—-1.9) 55.6 (=3.2)
PIRL [39] 54.0 (+0.5) 80.7 (—0.6) 59.7 (+0.9)
BoWNet [19] 55.8 (+2.3) 81.3 (+0.0) 61.1 (+2.3)
MoCo [25] 559 (+2.4) 81.5 (+0.2) 62.6 (+3.8)
MoCo-v2 [6] 57.0 (+3.5) 82.4 (+1.1) 63.6 (+4.8)
SwWAV [4] 56.1 (+2.6) 82.6 (+1.3) 62.7 (+3.9)
DenseCL [50] 58.7 (+5.2) 82.8 (+1.5) 65.2 (+6.4)
ReSim-C4 58.7 (+5.2) 83.1 (+1.8) 66.3 (+7.5)
ReSim-FPN 59.2 (+5.7) 82.9 (+1.6) 65.9 (+7.1)

Table 4. Comparison with previous works on PASCAL
VOC trainval07+12, evaluated on test2007. Jigsaw and
Rotation results are from [39]. SimCLR result is from [50].
Both ReSim-C4 and ReSim-FPN improve MoCo-v2 baseline,
and achieve state-of-the-art over competitive concurrent work
DenseCL [50]. In the brackets are the deltas to the ImageNet su-
pervised pre-training baseline. Green: deltas at least +1.0.

Region size and stride. We vary the size and stride of slid-
ing windows in ReSim-C4 to determine the optimal combi-
nation. The results are reported in Table 3(a,b). “WI-Sk”
denotes sliding a window of size I x[ at stride k. By con-
sidering the performance both at frozen-backbone and stan-
dard full-finetune settings, we choose W48-S32 setting as
the default for ReSim-C4.

Rol Align vs. Precise Rol Pooling. We compare Precise
Rol Pooling [30] and Rol Align [26] as the region fea-
ture extraction operator. On VOC, ReSim using Rol Align
achieves AP/AP5y/AP75 of 55.7/81.0/62.0 with all parame-
ters finetuned, and 48.9/76.6/53.0 with a frozen backbone.
Comparing these results with Table 3 indicates that both Rol
Align and Precise Rol Pooling work well, but in the frozen-
backbone setting, Rol Align performs worse than Precise
Rol Pooling. We conjecture this is because Precise Rol
Pooling does not heuristically set the number of sampling
points, enabling a more robust and simpler optimization.

4.2. IN-1K Results

Following the IN-100 experiments, we studied pre-
training on the full IN-1K and report the results on PAS-
CAL VOC, Cityscapes, COCO detection and COCO dense
pose estimation. We evaluate two models as introduced in
§3.4: 1) ReSim-C4, which performs region-level similarity
on C4 feature map of ResNet; and 2) ReSim-FPN, which
performs region-level similarity on the P3 and P4 feature
maps on the top-down path of FPN. We transfer the back-
bone ResNet weights for finetuning downstream tasks; if
the network of a downstream task adopts the FPN design,
we can transfer the FPN weights from ReSim-FPN to the
new network. We term this as ReSim-FPN”', and report the
results on selected downstream tasks which use FPN.

+5.0  Resim-C4
—— ReSim-FPN
‘; +4.0
o
2
s +3.0
—
()
3
% +2.0
+1.0

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90
loU threshold
Figure 4. AAP of ReSim over MoCo-v2 at various IoU thresh-
olds on PASCAL VOC. As the IoU threshold increases, both
ReSim methods perform considerably better than MoCo-v2, espe-
cially at higher IoU threshold, indicating that the ReSim features
have better localization capability.

PASCAL VOC. We use the Faster R-CNN R50-C4 detec-
tor on VOC and adopt the same setup for PASCAL VOC
as described in §4.1. We first report the results of finetun-
ingon trainval0O7+12 and evaluating on test2007.
Table 4 compares our method with a series of previous
state-of-the-arts. Respectively, ReSim-C4 and ReSim-FPN
improve over their baseline MoCo-v2 by 1.7/0.7/2.7 and
2.2/0.5/2.3 at AP/APsp/AP7s, and claims state-of-the-art
results over the competitive concurrent work DenseCL [50].

In Figure 4 we show the AP improvements of ReSim
over MoCo-v2 at IoU threshold from 0.5 to 0.9. Not only do
both ReSim methods outperform MoCo-v2, the larger im-
provement at high IoU indicates superior localization accu-
racy, particular for ReSim-FPN. The growing performance
gap as the IoU threshold increases indicates that ReSim has
led to improved localization of the objects.

We also report the results of finetuning on PASCAL
VOC trainval2007 and evaluating on test2007.
ReSim-C4 achieves 48.9/75.4/53.5 at AP/APsy/AP7s, in
comparison with 46.6/72.8/50.9 for MoCo-v2.

COCO Object Detection and Instance Segmentation.
We use Mask-RCNN [26] (R50-FPN) with Sync-BN as
our base model. The short-side length of input images
is randomly selected from [640, 800] pixels during train-
ing and fixed at 800 for inference. Training is per-
formed on train2017 split, and testing is performed
on val2017 split. Two metrics are used, Average Preci-
sion on bounding-boxes (AP"), and on masks (AP™*). We
report finetuning results on the standard 1x and 2x sched-
ules, the latter of which trains twice as long as the former.
Table 5 shows the results. All variations of ReSim im-
prove over its MoCo-v2 counterpart under both box and
mask metrics, outperforming the supervised pre-training
baseline. Unlike MoCo-v2, ReSim improves with the 1x
schedule. We note that ReSim-FPN outperforms ReSim-
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pretrain AP AP APE2 APk APZK APTK AP AP APE2 APk APZK APTK
random init 31.0 49.5 33.2 28.5 46.8 30.4 36.7 56.7 40.0 33.7 53.8 359
supervised 38.9 59.6 42.7 354 56.5 38.1 40.6 61.3 444 36.8 58.1 39.5
MoCo-v2 38.9 (+0.00 59.2(—04) 42.4(-03)| 35.4(+0.0) 56.2(—03) 37.8(-03)  40.9(+03) 61.5(+02) 44.6(+0.2)| 37.0(+0.2) 58.4 (+03) 39.6 (+0.1)
VADeR [41] 39.2 (+03) 59.7 (+0.1) 42.7 (+0.0)| 35.6 (+0.2) 56.7 (+0.2) 38.2 (+0.1) - - - - - -
DenseCL [50] 39.4 (+0.5) 59.9 (+03) 42.7 (+0.0)| 35.6 (+0.2) 56.7 (+02) 38.2(+0.)  41.2(+0.6) 61.9(+0.6) 45.1(+0.7)| 37.3(+0.5 58.9 (+0.8 40.1(+0.6)
ReSim-C4 39.3 (+0.4) 59.7 (+0.1) 43.1(+04)| 35.7 (+03) 56.7 (+0.2) 38.1 (+0.0) 41.1 (+0.5) 61.5+02) 44.8(+04)| 37.1 (+03) 58.6 (+0.5 39.8 (40.3)
ReSim-FPN 39.5(+0.6) 59.9 (+03) 43.3 (+0.6)| 35.8 (+04) 57.0(+0.5) 38.4(+03) 41.4 (+0.8) 61.8(+0.5) 454 (+1.0)| 37.5(+0.7) 59.1 (+1.0) 40.4 (+0.9)
ReSim-FPN”T' 39.8 (0.9 60.2 (+0.6) 43.5(+0.8)| 36.0 (+0.6) 57.1(+0.6) 38.6(+0.5  41.4(+0.8) 61.9 (+0.6) 45.4(+1.0)| 37.5+07) 59.1 (+1.0) 40.3 (+0.8)
ReSim-FPNT (400 ep) | 40.3 (+1.4) 60.6 (+1.0) 44.2(+1.5 | 36.4(+1.0) 57.5(+1.0) 389 (+08 419 (+1.3) 624 (+1.1) 459 (+1.5] 379 +1.1) 59.4(+1.3) 40.6 (+1.1)

(a) Mask R-CNN R50-FPN, 1x schedule

(b) Mask R-CNN R50-FPN, 2 x schedule

Table 5. Results on COCO object detection and instance segmentation tasks. The models are pre-trained on IN-1K for 200 epochs
(except the final entry, which shows extended performance out to 400 epochs), the weights of which are transferred to Mask R-CNN
R50-FPN model, subsequently finetuned on train2017 (1x and 2x schedules) and evaluated on val2017. Averaging precision on
bounding-boxes (AP™) and masks (AP™) are used as benchmark metrics. All ReSim models outperform VADeR [41] and the MoCo-v2
counterpart, surpassing the supervised pre-training under all metrics (we report VADeR results from their paper which did not include a
2x schedule). In the brackets are the gaps to the ImageNet supervised pre-training baseline. Green: deltas at least +0.5. T: Pre-trained
weights are downloaded from the official releases of the authors and trained on our COCO frameworks, as [50] adopted a different COCO
finetuning baseline settings from the common approach used in this paper and other previous works [25].

COCO dense pose estimation
pre-train Apepsm AP APE
supervised 65.8 92.6 77.8
MoCo-v2 66.2 (+0.4) 93.1 (++0.5) 77.4 (-0.4)
ReSim-C4 66.6 (+0.8) 92.9 (+0.3) 78.5 (++0.7)
ReSim-FPN 67.1 (+1.3) 93.2 (+0.6) 80.0 (+2.2)
ReSim-FPNT' 66.8 (+1.0) 928 (+0.2)  79.2 (+1.4)
Cityscapes Instance Seg.
pre-train APk AP%k
supervised 33.0 59.8
MoCo-v2 33.7 (+0.7) 61.8 (+2.0)
ReSim-C4 354 (+2.4) 63.1 (+3.3)
ReSim-FPN 35.6 (+2.6) 63.4 (+3.6)
ReSim-FPNT 35.4 (+2.4) 63.3 (+3.5)

Table 6. Results on COCO dense pose estimation and
Cityscapes instance segmentation tasks. The performance deltas
with the supervised baseline is shown in the brackets. Green:
deltas at least +0.5.

C4, and in turn ReSim-FPN”', in which FPN weights are
transferred, outperforms ReSim-FPN, demonstrating the ef-
fectiveness of our framework on feature pyramids. Further-
more, the final row in Table 5 shows a continued increase in
performance after 400 epochs of pre-training.

COCO DensePose Estimation. We use DensePose R-
CNN [24] (R50-FPN) as our base model. We add Sync-
BN layers in FPN. We use the DensePose implementation
in [51]. The model is trained on train2014 split (1x
schedule) and evaluated on val2014. We report results
under masked-GPS (AP#”*™). Table 6 upper shows the com-
parisons of ReSim versus MoCo-v2 and supervised pre-
training counterparts. Our ReSim-FPN improves over the
supervised baseline by 2.2 points under APS2™.

Cityscapes Instance Segmentation. We use Mask R-
CNN [26] with R50-FPN as our base model, add Batch
Normalization layers before the FPN, and finetune and sync

all such layers during training. The model is trained on
the standard splits and training settings from [51]. Table 6
lower shows the comparisons of ReSim versus MoCo-v2
and supervised pre-training counterparts. All of the ReSim
variants substantially improve over the supervised baseline,
e.g., by 3.3-3.6 points under APEK.

5. Conclusion

We presented ReSim, a novel self-supervised represen-
tation learning algorithm for localization-based tasks such
as object detection and segmentation. ReSim performs both
global and region-level contrastive learning to simultane-
ously learn semantic and spatial feature representations.
The spatially consistent feature representations are learned
on regions of the convolutional feature maps, while the
global representations are learned over the entire image. In
order to learn hierarchical representations, we further in-
corporated feature pyramids into the ReSim pre-training,
and showed how these parameters can also be transferred
to popular FPN-based frameworks for downstream tasks.
Our method shows significant improvements for various
localization-based tasks, such as object detection, instance
segmentation, and dense pose estimation.
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