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Abstract Scene parsing is one of the fundamental tasks in
computer vision. Humans tend to perceive a scene in a hi-
erarchical manner, i.e., first identifying the coarse category
(e.g., vehicle) of a group of objects and then the fine cate-
gory (e.g., bicycle, truck or car) of each of them. Despite re-
cent tremendous progress on scene parsing, such a hierarchi-
cal semantics prior (HSP) has not been explicitly exploited.
In this paper, we aim to introduce the HSP into scene pars-
ing, by proposing a hierarchical semantics network (HSNet).
Our key contribution is a bidirectional cross-level feature
matching framework, which enables us to learn multi-level,
hierarchy-aware features via forward feature transfer and
backward feature regularization. In the forward stage, we
train a coarse-to-fine module to learn fine-category features
that explicitly encode hierarchical semantics information. In
the backward stage, we introduce a fine-to-coarse module to
collapse fine-category features to coarse-category features
that are used to regularize the feature learning of our net-
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work. Experimental results on Cityscapes and Pascal Con-
text show that our method achieves state-of-the-art perfor-
mances. Our visualization also shows that our learned fea-
tures capture semantic hierarchy favorably.
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cross-level feature - bidirectional network

1 Introduction

Scene parsing aims to assign pixel-level semantic labels to
an input image, which is important for autonomous driving.
Given an input image as shown in Figure 1, it may not be
easy to accurately and efficiently distinguish the sidewalk
from the road, due to their similar locations (at the bottom
of the image) and surface orientations (flat). We may need
to inspect them carefully in order to tell their subtle differ-
ences. On the other hand, buildings are easier to be separated
from the road and sidewalk given their obvious difference
in position and orientation. For such visual recognition and
segmentation tasks to be more efficient, the human visual
perception system processes an observed scene in an seman-
tically hierarchical way [19], based on our prior knowledge
of the visual world. That is, we first group objects with simi-
lar semantical and structural properties into coarse semantic
categories, and then further discriminate them into different
fine categories.

Objects in urban street scenes have the hierarchical re-
lations. With the Cityscapes dataset [6] as an example, as
shown at the top of Figure 1, the object categories of an out-
door scene can be organized by a semantics hierarchy. Based
on this observation, we propose to introduce semantic hier-
archical knowledge as a hierarchical semantics prior (HSP)
to scene parsing to naturally mimic the behaviors of the hu-
man visual perception system. While there are already some
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Fig. 1: An example of hierarchical semantics for a real-
world scene. At the top is a hierarchy of semantic categories
where multiple fine categories may belong to one coarse cat-
egory. At the bottom is a street scene (left), together with its
segmentation based on coarse (middle) and fine (right) cate-

gories.

existing efforts to incorporate hierarchical semantics knowl-
edge into image classification models [20, 30], to the best of
our knowledge, no study has been conducted so far to con-
sider this knowledge explicitly in scene parsing.

There is a main challenge in this paper. How to model
the human prior, i.e., HSP, into our network? In this pa-
per, we take a step towards modeling HSP explicitly in
scene parsing, by proposing a hierarchical semantics net-
work (HSNet). In our proposed HSNet, we construct fine-
category features (or coarse-category features) based on
HSP with coarse-category features (or fine-category fea-
tures), respectively. Our key contribution is a novel bidi-
rectional cross-level feature matching strategy, which allows
us to learn multi-scale features capturing semantic hierar-
chy knowledge. Our framework is composed of a forward
feature transfer stage and a backward feature regularization
stage. In the forward stage, we train a coarse-to-fine mod-
ule to transform the coarse-category features of the network
into fine-category features through explicitly integrating the
HSP. The output fine-category features inherently character-
ize the pre-defined hierarchy of semantic categories.

In the backward stage, we introduce a fine-to-coarse
module to collapse the fine-category features of the network
back to coarse-category features, again based on the HSP.
The output coarse-category features are used to regularize
the feature learning of our network, which encourages align-
ment between the learned features at different category lev-
els of the two stages. Our coarse-category features are differ-
ent from the coarse features in previous work. For example,
coarse features in AFNet [47] are with unclear boundaries
in fine-level semantics. However, our coarse-category fea-
tures aim to predict clear boundaries in coarse-level seman-
tic information, and it may be not easy to train the model in
shallow layers. Hence, we design the bidirectional network
to enforce the deep layers optimize the coarse-category fea-
tures in the backward stage.

In summary, the main contributions of this paper in-
clude:

— To the best of our knowledge, we are the first to inves-
tigate how to exploit hierarchical semantics knowledge
under the context of scene parsing.

— We propose a novel bidirectional cross-level feature
matching framework for learning powerful multi-scale,
hierarchy-aware features, which are effective in boosting
the performance of scene parsing without extra inference
cost to distill HSP.

— We have conducted experiments to show that the hier-
archical semantics prior can help significantly improve
the performance of scene parsing, yielding state-of-the-
art performances on the Cityscapes and Pascal Context
dataset.

2 Related Works
2.1 Scene Parsing

In recent years, scene parsing has made significant progress
due to the advance of FCNs [25, 32,42, 52]. Recent efforts
along this direction have been devoted to making use of hu-
man prior knowledge to learn discriminative features and
guide the design of deep networks. Since lower layers of net-
works tend to capture low-level features (i.e., edges, struc-
tures) while higher layers tend to capture high-level features
(i.e., semantic information), a lot of works attempt to com-
bine the features from different layers to obtain more pow-
erful multi-scale representations [23,27,50]. In addition, as
not all regions are equally important for inferring the seg-
mentation, numerous attention-based mechanisms are pro-
posed to guide models to focus on more informative regions
[10,15,31,47]. Further, some works also claim that contex-
tual information is very helpful to scene parsing, and pro-
pose different kinds of context aggregation approaches, such
as PSP [51], ASPP [41], NL [34], RCCA [15] and object-
contextual representations [46] . Some works observe that
the object shape is also important for improving segmen-
tation performance, and exploit boundary information [7],
shape information [29], and depth information [ 8] to guide
model learning. Some works solve the scene parsing by us-
ing the graph model to learn the object relations. For exam-
ple, DGCNet [49] takes a dual graph convolutional network
to learn global context of the input feature by modelling two
orthogonal graphs in a single framework. CDGCNet [14]
designs a class-wise dynamic graph convolution (CDGC)
module to adaptively propagate information. In addition, Ji
et al. [16] propose an encoder-decoder with cascaded CRFs
for scene parsing. Wang et al. [35] proposes the intra-class
feature variation distillation for scene parsing. Liu et al. [24]
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unifies dependency reasoning at three semantic levels for
parsing the images.

In this paper, our aim is to introduce hierarchical seman-
tics to scene parsing, which has not been explored by any
existing works.

2.2 Hierarchical Semantics

Semantics are useful in many tasks [9,28,38,39,53]. A re-
cent study has shown that image classification models can
be benefited by considering hierarchical semantics informa-
tion (i.e., a hierarchy of classes) through network design [2].
Some prior works on large-scale image recognition have
also taken hierarchical semantics into consideration. For ex-
ample, HD-CNN [40] is a hierarchical deep network by em-
bedding deep CNNss into a two-level category hierarchy that
helps distinguish difficult classes using multiple classifiers.
In [1], a tree-structured network with several branches is
proposed, where each branch serves a specific subset of cat-
egories. In [30], the Multi Categorical-Level Networks are
proposed to extract more discriminating features that con-
tain human-categorization knowledge. In [20], a hierarchi-
cal classification framework is proposed to recognize unseen
objects.

In fact, many popular large scale datasets for scene pars-
ing are organised by semantic hierarchies. For example, one
of the most popular scene parsing datasets, Cityscapes [6],
contains 19 fine categories grouped into 7 coarse categories.
Although the hierarchical semantics have been used in im-
age classification, their effect upon scene parsing is un-
known and still unexplored. In this paper, we show that the
hierarchical semantics prior (HSP) is a promising informa-
tion to use for scene parsing. We propose an unified frame-
work for hierarchy-aware feature learning, and demonstrate
its superiority over existing methods on Cityscapes.

3 Proposed Method
3.1 Network Overview

Figure 2 illustrates our proposed network. Our segmenta-
tion network (the middle blue stream) consists of a coarse
convolution neural network (CoarseCNN), a fine convolu-
tion neural network (FineCNN), and a softmax layer. Given
an input image I € R¥>*W>3 our model first uses Coar-
seCNN to extract a coarse-category feature representation
he € RHXWXM "\where each channel corresponds to one
of the M coarse semantic categories. The h. is then fed
into FineCNN to obtain a fine-category feature representa-
tion hy € RHIXWXN where each channel denotes one of
the N fine categories. Finally, the h is processed by a soft-
max layer to predict an output segmentation map. To train

the segmentation stream, we apply a cross entropy loss £{eg
between S and the ground truth Sy. Further, we also use
h. to generate a side output S, and supervise it with a cross

entropy loss LS., where the target is the ground truth coarse

seg
semantic map S..
Our key contribution is a bidirectional cross-level fea-
ture matching framework to enable our model to learn multi-
scale, hierarchy-aware features, by explicitly taking into ac-
count the HSP. In the forward matching stage, we train a
coarse-to-fine module (C2F) to transform h. into a fine-
category feature representation hy that explicitly encodes
semantic hierarchy information, by leveraging the pre-
defined HSP. The inputs to C2F include coarse-category fea-
tures h.., a coarse scene parsing map S.., and a sub-category
occurrence vector v, where v = (N1, Ny, ..., Ny)T is a
M-dimensional vector and N, represents the number of fine
categories under coarse category c. The learned HSP will
then be transferred into the mainstream segmentation net-
work by matching hy and hy in a L; sense: Liorward =
Hﬁf — hy|li. In the backward matching stage, we use a
fine-to-coarse module (F2C) to collapse hy to Ec based on
v and regularize the learning of h. by matching h. to Ec:
Lbackward = ||e — hell1. Such a backward matching will en-
courage h, to adapt to the hierarchical structure in h¢ and,
therefore, ease the learning of the hierarchy-aware features.
Our framework is learned by minimizing a total loss:
Wl Loy + Wy Loy + Wiorward Lrorward + Whackward Chackwards
where wsfeg, wfeg, Weorward aNd  Wpyckwarg  are balancing
weights. It is worth noting that, unlike the strategies used
in classification methods [40] that require hierarchical se-
mantics structure to guide the inference of different sub-
networks during inference, we only use C2F and F2C in
the training stage, and our mainstream segmentation net-
work will be used as a standalone module during inference.
The S. is obtained by changing categorical labels in the
fine scene parsing map (e.g., car and motorcycle) into their
coarse label (e.g., vehicle) according to a pre-defined HSP.

3.2 C2F Module

To learn a fine-category feature representation that explic-
itly encodes HSP, we propose a C2F module as shown in
Figure 3. The inputs to this module are a coarse-category
feature representation h, € RI*WXM 3 coarse seg-
mentation map S., and a sub-category occurrence vector
v = {Ni,Na,...,Np}. For each coarse category ¢ €
{1,2,..., M}, weintroduce a k x k convolutional layer with
N, filters to map h. to a representation h r € RHXWXNe
which captures the features of its sub-categories. To make
the resulting representation as discriminative as possible,
we apply a softmax operation to normalize the activations
at each spatial location and render them to be more mu-
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Fig. 2: The framework of our proposed network. The input image is sent to the CoarseCNN to generate the coarse-category
features h., which is supervised by the coarse ground-truth. The A is then sent to the FineCNN to obtain the fine-category
features h s, which is supervised by the fine ground-truth. The A, is also sent to C2F module to obtain h; and the Ay is also
sent to F2C module to obtain 7Lc. Meanwhile, h ris learning h; and Bcis learning h..
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Fig. 3: Illustration of C2F module.

tually exclusive (i.e., amplify the difference among them).
In addition, ideally, the representation for each coarse cat-
egory should have zero activations at pixels that do not be-
long to the category. Therefore, we construct a binary spatial
mask M. € {0, 1}7>W for each coarse category ¢ from the
coarse segmentation S, so that M. (z,y) is 1 if pixel (z, y)
belongs to ¢ and 0 otherwise. The M. is then multiplied
with h. element-wise to zero out the values of those pix-
els that do not belong to c. Finally, the output fine-category

feature representation h 1 1s formed by concatenating the re-
sulting representations {h.}*£, in channel-wise.

The h 1 is akin to a subdivision of A, into fine-level cat-
egories, and is inherently aware of semantic hierarchy. This
is because, for each spatial location on h., only the channels
that belong to the same coarse category have non-zero ac-
tivations. In addition, due to the use of softmax operations,
the channel activations at each location can be interpreted
as class probabilities, which enable a hierarchical classifi-
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cation. More specifically, we may first look at the non-zero
channels to identify which coarse category a pixel belongs
to (coarse-level classification), and then discriminate among
different fine categories using the values of the non-zero
channels (fine-level classification).

3.3 F2C Module

F2C module can be regarded as a reverse process of the C2F
module. It transforms fine-category features back to coarse-
category features. However, since it is intended to regularize
the learning of A, no learnable parameters are involved in
this module. Intuitively, if there exists alignment between
features across different semantic levels, it should be possi-
ble to abstract a fine-category feature representation back to
a coarse-category one using the HSP. The F2C module is de-
signed to enforce this property during learning. As shown in
Figure 4, the F2C module first decomposes the fine-category
feature representation h ¢ into a set of disjoint feature repre-
sentations, each for a coarse category, according to a sub-
category occurrence vector v. It then aggregates each re-
sulting representation in channel-wise, producing a set of
single-channel representations that are finally concatenated
to output a coarse-category representation h..

We adopt max pooling as the aggregation operation
since it can preserve more detailed information, as compared
with average pooling [3]. We have empirically found that
max pooling is able to select discriminative features to al-
low our model to capture fine-grained patterns and improve
its generalizability to complex scenes.

3.4 Discussion

Although hierarchy strategy is explored in some previous
works [47,51] and we both train the model in a coarse-to-
fine manner. We would like to highlight our difference. In
previous works, they learned the coarse features with noises
and fine-tuned the features in the fining stage by cleaning the
details, e.g., boundaries. They considered both coarse and
fine features in fine-category. By contrast, our coarse fea-
tures are already clear in details, but just in coarse-category,
compared with the final outputs in fine-category. It indicates
that our method is modeling the HSP to predict the segmen-
tation.

In addition, it is worth pointing out that our method has
the same number of parameters, compared with the back-
bone networks during test. That is to say, the C2F and F2C
modules are only used for training. Hence,our method is also
a one-stage method as the testing network is the same as its
backbone network. It indicates that our method is also a ef-
fective method for distilling HSP information without any
extra inference cost.

4 Experiments

In this section, we first compare our methods with state-of-
the-art methods. We then conduct ablation studies to eval-
uate the bidirectional strategy and the effectiveness of C2F
and F2C modules. Finally, we visualize the features learned
by our model.

4.1 Experimental Setup

Implementation Details. We implement our model using
Pytorch framework. Our model is trained on two Nvidia Ti-
tan RTX GPU cards. The initial learning rate is set to 0.01
and we decrease the learning rate using a polynomial policy
with a decay rate of 0.9. The model is trained for 40, 000
iterations. We use random scaling (from 0.75 to 2.0) and
random horizontal flipping to augment the training data. We
take stage 1 and stage 2 of Resnet-101 [13] as the Coar-
seCNN, stage 3 and stage 4 of Resnet-101 and the pyramid
pooling module [51] as the FineCNN. We adopt the pyra-
mid pooling module [51] before the output to capture long-
range context. In the experiment, the channel number for the
coarse-category feature representations h. and h. is 7, and
the channel number for the fine-category feature representa-
tions Ay and h £ 1s 19. Note that C2F and F2C are only used
during training. The loss balance weight wsfeg,wsceg, Weorward
and Wpackward are all empirically set to 1 since these loss val-
ues are in the same order of magnitude. To get the optimal
performance, we also take the multi-scale inference scheme
and left-right flipping in test time, as in most scene parsing
methods [7, 15,41,45,51]. As all other compared methods,
we use mean IoU (mloU) to evaluate segmentation perfor-
mance.

Datasets. We conduct our experiments on two popular
datasets, Cityscapes [6] and Pascal Context [26].

— Cityscapes dataset is an urban street scene parsing
dataset, which contains 5,000 real-world images with
pixel-level fine annotations. We use 2,975 images for
training, 500 images for validation and 1, 525 for testing.
All images are of resolution 1024 x 2048. Cityscapes
contains 19 fine categories under 7 coarse categories
and their belonging relationship is given as Table 1.
Hence, the subcategory occurrence vector of Cityscapes
isv=123,3,2,1,2,6)T.

— Pascal Context is a set of additional annotations for PAS-
CAL VOC 2010. Pascal Context dataset includes real-
world 4,996 images for training and 5, 104 images for
validation. There are 59 fine categories. We group them
following the rules of Cityscapes and add three coarse
categories, which are furniture, animals and clothes.
Hence, the subcategory occurrence vector of Cityscapes
isv=1(3,1,8,9,9,8,1,1,10,6, 3)7.



Table 1: The hierarchical semantics prior of Cityscapes.

4.2 Comparison with State-of-the-art

Cityscapes. We compare our model with 13 state-of-the-
art methods over Cityscapes dataset. As shown in Table 2,
we can see that our method outperforms all the other meth-
ods on mloU. Our model only uses the simple segmentation
stream without the C2F and F2C modules during test time,
but most of the other models need to use carefully designed
networks in test time. This implies that our proposed model
can effectively learn HSP, which is indeed helpful to scene
parsing.

We choose to use PSPNet as a baseline since our seg-
mentation stream has a similar architecture (using the pyra-
mid pooling module that is the key contribution of PSP-
Net) and a similar number of parameters to PSPNet. Our
model has a performance gain of 3.9% over PSPNet. In
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Fig. 4: Ilustration of F2C module.
Coarse Fine HSP Methods Venue & Year | mloU(%)
flat road 2 AED 3] TVC 2020 725
sidewalk
building PSPNet [51] CVPR 2017 78.4
construction | wall 3 ACFNet [47] ICCV 2019 81.8
fence ResNet-38 [37] PR 2019 78.4
. pole DGCNet [49] BMVC 2019 80.8
object traffic sign 3
traffic Tight ANN [55] ICCV 2019 81.3
nature Vegetation 5 CPNet [43] ECCV 2020 81.3
terrain CCNet [15] ICCV 2019 81.4
sky sky 1 SpyGR [21] CVPR 2020 81.6
human ﬁf;;"“ 2 BFP [7] ICCV 2019 81.4
car CDGCNet [14] ECCV 2020 82.0
truck DependencyNet [24] | CVPR 2021 81.9
vehicle 't’r‘;?n 6 DAN-SAM [17] TVC 2021 81.5
motorcycle Ours 82.3
bicycle

Table 2: Comparison with the state-of-the-art methods in
terms of mIoU on the Cityscapes test set. The best results
are in bold.

Figure 5, we also present the visual comparison with the
baseline model as in many existing scene parsing works
[15,41,44,50]. The top three rows show that our model is
able to discriminate similar fine categories, i.e., bus, truck
and train in top two rows, vegetation and terrain in the third
row. The fourth row shows that PSPNet may produce some
noise in the segmentation (e.g., by mis-recognizing part of
the sky as train.), while our model is more robust, giving a
clearer output. In the last row, we can see that our model
is able to recall some easily overlooked categories (e.g., a
small part of the vegetation outlined). These qualitative and
quantitative results show that the proposed model can obtain
promising performance in scene parsing with the guidance
of hierarchical semantics.
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Input

Baseline Ours

Fig. 5: Visual comparison of our model with the baseline. Our advantages are highlighted by white boxes, which are magni-

fied at the bottom left corner of each image.

Pascal Context. We have conducted our method with two
different models. One uses the pyramid pooling module [51]
at the end of FineCNN (Ours-PSPNet), another replaces the
pyramid pooling module to criss-cross attention module [15]
(Ours-CCNet). The results are shown as Table 3. It can be
seen that our method can improve different backbones and
our method achieve the best results among the compared
methods.

4.3 Ablation Study

To evaluate our network design, we have conducted four
ablation studies over Cityscapes dataset. 1) We first study
the effect of our bidirectional cross-level feature matching
strategy, and then 2) analyze the effect of the proposed C2F
and F2C modules, and 3) analyze the difference between
L1 and L2 loss functions, finally 4) analyze the effect of
loss weights. For simplicity, we use a batch size of two and
single-scale predictions in this study.

The effect of our bidirectional cross-level feature
matching strategy. To analyze the effect of the backward

Methods Venue & Year | mloU(%)
Deeplab-v2 [4] TPAMI 2017 45.7
RefineNet [23] CVPR 2017 47.3
PSPNet [51] CVPR 2017 47.8
MSCI [22] ECCV 2018 50.3
EncNet [48] CVPR 2018 51.7
DANet [11] CVPR 2019 52.6
SVCNet [§] CVPR 2019 53.2
DMNet [12] ICCV 2019 544
CCNet [15] ICCV 2019 52.1
SpyGR [21] CVPR 2020 52.8
CPNet [43] ECCV 2020 53.9
CFNet [36] TMM 2021 524
EncNet+JPU [5] | CVPR 2021 52.8
Ours-PSPNet 51.2
Ours-CCNet 54.9

Table 3: Comparison with the state-of-the-art methods in
terms of mloU on the Pascal Context val set. The best re-
sults are in bold.
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stage, we explore two alternatives: 1) directly remove the
L1 loss between h, and h, (h. <+ (0); 2) remove the L1 loss
and force i?c (rather than h.) to match with the ground truth
coarse-category segmentation ((he, he) <> (0, 5.)). Simi-
larly, to analyze the effect of the forward stage, we 1) ap-
ply no supervision to hy (hy < (), or 2) apply no super-
vision to hy and use a fine-category segmentation loss on
hy ((hy,hy) < (0,Sy)). Table 4 shows the performances
of different settings. We can see that our bidirectional cross-
level feature matching strategy can achieve the best perfor-
mance while the models trained with only one-directional
feature matching or without any feature matching perform
worse.

Supervision FWD BWD mloU
(he, hy) < (0,0) X X 74.3
(he,hyp,he,hy) < (0,0,5.,S7) X x 75.1
hy <0 X v 75.1
(b hy) < (0,S) X v 75.3
he < 0 v X 75.7
(he, he) ++ (0,5.) v X 75.8
Ours v v 76.2

Table 4: Results of the ablation study on our bidirectional
cross-level feature matching strategy.

The effect of the C2F and F2C modules. To analyse
the effect of these modules, we replace the C2F module by
a1l x 1 stride-1 convolutional layer with 19 filters (i.e., w/o
C2F), and the F2C module by a 1 x 1 stride-1 convolutional
layer with 7 filters (i.e., w/o F2C). Table 5 reports the per-
formances with and without the C2F/F2C modules. We can
see that the model without both C2F and F2C modules per-
forms worst, and our model with both modules achieves the
best performance.

Figure 6 presents visual comparison of different variants
of our model. In the top row, our model with both modules
can correctly segment the bike and its rider, while other vari-
ants misdetect part of the bike or rider as car. In the bottom
row, our model can successfully detect the complete shape
of the sidewalk, while other variants have difficulty in dis-
tinguishing between the sidewalk and road in some local
region. These suggest that C2F and F2C are crucial to the
performance of our model.

The difference between L1 and L2 loss functions. To
analyse the difference ofNLl and L2 losi functions, which
are used between h. and h., and hy and h¢. Table 6 reports
the different performances with L1 and L2 loss functions
between h. and h., and h¢ and hy.

It can be seen that L1 loss function performs better than
L2 function. It is because L2 loss is more sensitive in the
small details [54]. However, the difference between L1 and

Method mloU
w/o C2F and F2C  74.5
w/o F2C 76.0
w/o C2F 75.5
Ours 76.2

Table 5: Performance comparison of our model with or with-
out the C2F/F2C modules.

L2 loss functions is not very large, which indicates that our
strategy is robust.

Method L2 L1 (Ours)
mloU 75.8 76.2

Table 6: Performance comparison of L1 and L2 loss func-
tions, between h. and h., and hy and hy.

The effect of loss weights. In this work, we have
four loss functions with four weights, which are wrorward,
Wheackward » wsfeg and wfeg, respectively. We have conducted 9
different loss weights as Table 7 shows. It can be seen that
our model with four same loss weights can achieve the best
results.

Wrorward ~ Whackward wéﬁg wsceg mloU
1 1 2 2 74.9
1 5 5 72.9
2 2 1 1 73.4
5 5 1 1 67.9
1 2 1 2 74.2
2 1 2 1 74.8
1 5 1 5 74.0
5 1 5 1 68.2
1 1 1 1 76.2

Table 7: Performance comparison of different loss weights.

4.4 Visualization of Learned Features

We would like to further visualize the learned features of
our model to investigate how well our model captures hier-
archical semantics. To do this, we feed input images into the
network, and visualize some channels in the coarse-category
feature representation h. along with their corresponding
channels in the fine-category feature representation i ¢. Fig-
ure 7 shows our results (Ours). We have two observations
here. First, different channels emerge to detect different
high-level semantic categories. For example, in the first row
of Figure 7, the “flat” channel in A, strongly responds to flat
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Input

Fig. 6: Visual comparison of results with or without the C2F and F2C modules. Our advantages are highlighted by white
boxes.

construction

building wall

Ours AN w/o Bidirectional cross-level feature matching

Fig. 7: Visualization of our learned features. For each channel in our coarse-category feature representation (e.g., flat), we
show its corresponding channels in the fine-category feature representation (e.g., road and sidewalk). For comparison, we

also show the visualized features of the model without bidirectional cross-level feature matching.

surfaces in the image, while the “road” and “sidewalk” chan-
nels are mainly activated by road and sidewalk regions, re-
spectively. Second, our model learns an alignment between
coarse- and fine-category features. For example, in the sec-
ond row of Figure 7, the “vehicle” channel can be disentan-
gled into the “car” and “bus” channels well. These suggest
that our learned features are discriminative and can explic-
itly encode the hierarchical semantic prior (HSP).

To explore the effect of our bidirectional cross-level fea-
ture matching strategy upon the feature learning, in Figure
7, we also visualize the features of the model trained with-
out bidirectional feature matching (i.e., removing F2C and
C2F modules from our model). As can be seen, bidirectional
feature matching allows our model to learn more discrim-
inative features. For example, in the first row, our “side-
walk” channel has higher responses at the sidewalk region
outlined by the white box. In addition, without bidirectional
feature matching, the learned features are not disentangled
well, particularly at fine category level. For example, in the
second row, the “bus” channel also responds to cars, and in
the third row, the “wall” channel generates high responses at
a region belonging to “building”.

4.5 Our Limitations

Our work does have a drawback. Our method requires the
HSP prior, which defines the semantic categories in two
level. Hence, our method can achieve competitive results on
the dataset with a large number of semantic labels. How-
ever, it may not be seen the obvious advantages when the
dataset has only a few semantic labels. Fortunately, most
dataset contain many semantic labels since the real world
is complicated.

5 Conclusion

In this paper, we have introduced the hierarchical semantics
prior (HSP) to scene parsing. This prior, although common,
has not be considered in scene parsing. The key contribution
of our paper is to propose a bidirectional cross-level fea-
ture matching framework, which enables learning discrim-
inative, multi-scale features that encode HSP. Experiments
show that our proposed model achieves state-of-the-art per-
formances on the Cityscapes and Pascal Context dataset.
Our feature visualization reveals that a hierarchy of seman-
tic categories automatically emerges in our learned features.
We believe that this is the first work to bring hierarchical
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semantics knowledge into scene parsing, and demonstrate
that such knowledge is valuable for scene parsing. We envi-
sion that our work has potential to inspire follow-up works
to further explore along this direction.
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