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Abstract

In this work, we leverage estimated depth to boost self-supervised contrastive learn-
ing for segmentation of urban scenes, where unlabeled videos are readily available for
training self-supervised depth estimation. We argue that the semantics of a coherent
group of pixels in 3D space is self-contained and invariant to the contexts in which
they appear. We group coherent, semantically related pixels into coherent depth regions
given their estimated depth and use copy-paste to synthetically vary their contexts. In
this way, cross-context correspondences are built in contrastive learning and a context-
invariant representation is learned. For unsupervised semantic segmentation of urban
scenes, our method surpasses the previous state-of-the-art baseline by +7.14% in mloU
on Cityscapes and +6.65% on KITTI. For fine-tuning on Cityscapes and KITTI segmen-
tation, our method is competitive with existing models, yet, we do not need to pre-train
on ImageNet or COCO, while we are also more computationally efficient. Our code is
available on https://github.com/LeungTsang/CPCDR.

1 Introduction

The lack of labeled data is a bottleneck for deep-learning-based computer vision techniques
due to the cost of annotating [12, 39]. To this end, researchers have established the "self-
supervised pre-training then fine-tuning" paradigm which can use unlabeled data. One of the
most successful approaches is self-supervised contrastive learning [6, 7, 9, 23, 26].
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Figure 1: (a) We group coherent, semantically related pixels into coherent depth regions
as a prior for contrastive learning given estimated depth. We argue that the semantics of
the coherent pixels are self-contained regardless of different contexts. (b) We copy-paste
the regions to build cross-context correspondences. The corresponding representations are
pulled together by contrastive learning.

We explore how to use depth to aid self-supervised contrastive learning for urban-scene
segmentation [12, 18]. Applying contrastive learning to complex, non-object-centric ur-
ban scenes for segmentation is a non-trivial and often overlooked research topic. We argue
that the semantic relatedness of pixels correlates with their coherence in 3D space. There-
fore, we use estimated depth to group coherent, semantically related pixels into coherent
depth regions. We then apply a copy-paste data augmentation strategy [20] to artificially
vary the contexts in which the grouped coherent pixels appear and build cross-context cor-
respondences. These correspondences are used as positive pairs in contrastive learning. As
self-supervised depth estimation on urban scenes is well-addressed in literature [22, 56, 58]
depth can be extracted from images freely.

We explore if a group of coherent pixels is invariant over different contexts and if such
invariance benefits representation learning. Deep models for visual recognition are sensi-
tive to contexts [3, 30, 53], where spurious correlations with the contexts learn non-existing
shortcuts [19, 34]. This shortcut comes from the large receptive field of modern neural
networks [24] and varying contexts by copy-pasting coherent regions in various scenes en-
courages the learned representations to be invariant to contexts. In Figure 2 we visualize the

effect of our approach.

(a) Cars in different contexts (b) w/o copy-paste (c)with copy-paste
Figure 2: Feature maps are visualized as RGB images by PCA reduction [43]. Copy-paste
is vital for learning object-specific representations invariant across different contexts.

Our contributions are summarized as follows. (1) We demonstrate that copy-paste aug-
mentation of coherent depth regions is important for unsupervised contrastive learning of
object-specific and context-invariant representations. (2) Our method allows effective pre-
training on urban scene data, without the need for an additional large-scale dataset. (3) For
unsupervised semantic segmentation, our method outperforms the previous state-of-the-art
baseline by a significant +7.14% in mloU on Cityscapes [12] and +6.65% on KITTI [18].
(4) For fine-tuning, our method allows effective pre-training on urban scenes with a single
GPU. Our model achieves competitive segmentation performance on Cityscapes [12] and
KITTI [18] to existing models that are pre-trained on ImageNet [39] or COCO [32] with
more than 8 GPUs.
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2 Related Work

Self-supervised Contrastive Learning Self-supervised pre-training has gained signi cant
attention in computer vision thanks to its ability to use unlabeled data which is generz
available in large quantities. Many self-supervised learning tasks have been explored
21, 27, 34, 35, 45, 54], of which contrastive learning [23] currently most prevalent.

The design of contrastive learning, especially the de nition of positive and negative sa
ples, depends on the data and task at hand. Pioneering works [5, 6, 7, 8, 9, 10, 26, 42
are mostly based on instance discrimination on ImageNet [39]. Positive pairs are ge
ated by applying different transformations to the same image, while negative pairs consis
different samples. For dense prediction [33], VADeR [36], DenseCL [46] and PixPro [4
learn dense visual representations by performing instance discrimination at pixel-level.
object detection on complex scenes [37], object-level instance discrimination is possibl
object locations are known [40, 47]. For segmentation additional similarity can be de n
among certain regions on images, such as classic hierarchical pixel grouping [55], auxil
labels [52] and salient object estimation [17].

We adopt SWAV [5] to perform contrastive learning as it only needs positive samples.
extend it to learn dense visual representation as our goal is segmentation. The positive
ples can be de ned at pixel-level or region-level. We compute precise pixel corresponden
with respect to the geometric transformations similarly as in PixPro [48] and VADeR [3¢
but our geometric transformations involve copy-paste in addition. Region-level positive se
ples are sampled from pixel grouping results as recent works [17, 28, 52, 55], but our p
grouping is based on the novel 3D coherence given the depth estimation.

Copy-Paste Data Augmentation Copy-Paste is a well-studied augmentation in supervise
learning [15, 20, 50]. Copy-paste alike augmentations can also be used for self-superv
contrastive learning as long as we know what to copy-paste. DiLo [57] swaps salient obj
from images while RegionCL [49] and CP2 [44] swap random rectangular patches. Hc
ever, the assumption that the extracted objects or patches are semantically equivalent
original images is only valid on simple object-centric datasets [39].

Our work utilizes depth to de ne semantically related regions for copy-paste which ir
proves the learning of dense visual representations in complex urban scenes.

Self-Supervised Depth Estimation Self-supervised depth estimation on videos has gaine
impressive success [22, 56, 58]. As video clips are generally available in urban-sc
datasets [12, 18], depth estimation may help supervised segmentation in different ways |
including jointly training, data selection and DepthMix data augmentation.

In our work, estimated depth is used for grouping semantically related pixels and g
erating augmented input samples for self-supervised learning. DepthMix [29] is adopte
enhance copy-paste augmentation.

3 Method

We illustrate the pipeline of our method which consists of four steps, as shown in Figure






