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ABSTRACT

CCS CONCEPTS

Stereo matching is a fundamental and challenging task which has
various applications in autonomous driving, dense reconstruction
and other depth related tasks. Contextual information with discriminative features is crucial for accurate stereo matching in the
ill-posed regions (textureless, occlusion, etc.). In this paper, we
propose an efficient horizontal attention module to adaptively capture the global correspondence clues. Compared with the popular
non-local attention, our horizontal attention is more effective for
stereo matching with better performance and lower consumption
of computation and memory. We further introduce a deformable
module to refine the contextual information in the disparity discontinuous areas such as the boundary of objects. Learning-based
method is adopted to construct the cost volume by concatenating
the features of two branches. In order to offer explicit similarity
measure to guide learning-based volume for obtaining more reasonable unimodal matching cost distribution we additionally combine
the learning-based volume with the improved zero-centered groupwise correlation volume. Finally, we regularize the 4D joint cost
volume by a 3D CNN module and generate the final output by disparity regression. The experimental results show that our proposed
HDA-Net achieves the state-of-the-art performance on the Scene
Flow dataset and obtains competitive performance on the KITTI
datasets compared with the relevant networks.

• Computing methodologies → Vision for robotics; Epipolar geometry; 3D imaging; Reconstruction.
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1

INTRODUCTION

Stereo matching is a task to estimate correspondences of all pixels between a pair of rectified images and then to infer the depth
information by triangulation. The development of multimedia technology is going through the transition from the two-dimensional
contents to the three-dimensional immersion experience. Therefore, depth information is becoming more crucial than ever. As a
cost-effective and physically principled depth sensing geometry,
binocular depth estimation has been employed in many multimedia applications, such as 3D medical imaging, augmented/virtual
reality, satellite mapping, etc.
Traditional stereo pipeline is typically decomposed into four
steps according to[26]: matching cost computation, cost aggregation, disparity estimation and disparity refinement. Calculation of
the matching cost in terms of pixel intensities inevitably yields
erroneous results in ill-posed regions due to occlusion, smoothness,
reflections, etc. Hence, discriminative feature representations are
crucial for the accurate matching cost computation. Traditional
works[2, 10, 12] usually incorporate some prior knowledge of images into the hand-crafted formulation of correspondence measure.
However, these methods only work in some particular cases and
thus can not well adapt to real scenes.
As a kind of popular deep learning networks achieving excellent results in many computer vision tasks, convolutional neural
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works (CNNs) have been also employed to generate accurate disparity maps in stereo matching [3, 4, 28, 31]. Unlike traditional
algorithms, CNN-based methods basically include four other steps:
feature extraction, cost volume building, cost volume regularization
and disparity regression. MC-CNN[36] proposes a trainable feature extractor for learning more robust features from images, thus
producing reliable matching cost. GCNet[17] utilizes eight residual
blocks[14] and 5 × 5 convolutional filters to form a deeper network
for extracting deep unary representations. Although these methods
overwhelm the conventional approaches in accuracy and speed,
they lack rich global contextual information to enhance feature
representation.
There have been several models proposed to capture the contextual information. PSMNet[4] introduces a spatial pyramid pooling
(SPP) module for capturing hierarchical context information via
different pooling operations. DeepLab[5] proposes an atrous spatial
pyramid pooling (ASPP) module to further enlarge the receptive
fields by multi-branch convolutions with different dilation rates.
Therefore, ASPP can extract richer multi-scale context information
than SPP. StereoDRNet[3] uses a Vortex pooling module[29] to
aggregate context information which conducts average pooling
with small kernels to get fine representations and utilizes more
descriptors than ASPP. While the multi-scale based methods have
achieved better performance, fixed size and shape of convolution
kernels still restrict the capability of geometric transformation, and
even the dilated convolutions can only generate sparse contextual
information by a few surrounding pixels.
To address the above issues, we propose a Horizontal Deformable
Attention Network (HDA-Net) which enables a single feature of
each location to perceive features in the same line locations and
enhances the discriminability of each single feature against complicated situations in ill-posed regions. Specifically, we first introduce
a horizontal attention module to obtain local correspondences by
weighted summation of the horizontal direction features. The fusion of features with similar depth values is mutually beneficial
and helps capture rich contextual information. Aggregation in the
horizontal scope enlarges the receptive fields, while the similarity
represented by different weights between the target and reference
positions can adaptively aggregate long-range contextual information that should be incorporated into stereo matching. Furthermore,
the proposed deformable convolution module augments standard
convolution by constructing learnable spatial offsets. With the HDA
module, the attentional features can focus more precisely on the
neighboring similar objects and perform better in object boundary
areas.
As shown in Fig. 1, pure learning based cost volume[4, 17] may
lead to inaccurate cost distributions due to the ambiguity of disparity regression. Another target of our HDA-Net is to generate
reasonable cost distribution. We take the extracted rich feature representations from the two branches to construct a joint cost volume.
This work is partly inspired by the recent work, GwcNet[11], which
proposes group-wise correlation to construct cost volumes for better similarity measures. Although GwcNet combines the advantages
of learning based approaches and explicit similarity measurement,
our research shows that the group-wise correlation method is prone
to erroneous similarity measurements. Specifically, GwcNet obtains
the similarity by calculating the dot product of two feature vectors

Figure 1: The comparison of three cost distribution with
same disparity regression estimation result (Overfitting). (a)
is a reasonable unimodal cost distribution with high sharpness. (b) and (c) are two different unreasonable distributions
with the same disparity result as (a), which are typical overfitting problem.
to be matched. However, there is a premise here, that is, the two
vectors must be normalized. Even if the angles between the two
vector are completely different, there exists a chance to obtain high
dot product by deceptively increasing the vector norms. Based on
this investigation, we propose a zero-centered correlation method
to adjust the space distribution of feature maps by subtracting the
mean from the two feature vectors. In particular, we choose the
centered linear transformation instead of directly normalizing the
feature to avoid the additional computational consumption caused
by the exponential calculation.
In a nutshell, our proposed HDA module can capture rich context
information, providing discriminative feature representations for
more accurate disparity estimation. Extensive experiments prove
that our proposed HDA module performs better in the details of the
disparity maps compared with other popular contextual modules.
We also propose a zero-centered correlation to construct a joint
cost volume by combining the concatenation-based feature volume,
which can generate unimodal and sharp disparity-cost distributions.
The proposed HDA-Net achieves the state-of-the-art EPE on the
Scene Flow dataset and outperforms previous methods on KITTI
benchmark.

2

RELATED WORK

Stereo Matching. Benefiting from the development of deep neural networks, stereo matching has made great progress. The early
stereo matching works are mostly based on image patches. MCCNN[35] firstly proposed a deep Siamase network to compute
matching cost based on the small image patches. Luo et al.[21]
propose a faster Siamese network which extracts marginal distributions over all possible disparities for each pixel to learn informative
image match representations. Chen et al.[7] present an efficient
embedding model to extract discriminative features from the stereo
patches. Shaked and Wolf[27] employ a weight-shared network to
obtain two descriptor vectors which are used to compare two image
patches. Mayeret al. initially propose an end-to-end learnable network DispNet[22] with pixel-level feature learning. The DispNet
adds a correlation layer to construct cost volume with the extracted
features and the disparity is derived by 3D convolutions.
Contextual information. Contextual information plays a crucial role in various computer vision tasks such as semantic segmentation [5, 9, 29, 34], monocular depth estimation[16, 19], etc.
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Figure 2: Architecture of the proposed HDA-Net. The input stereo images are firstly fed two weight shared ResNet backbones
for unary feature representations. Then rich contextual information is captured by Horizontal deformable attention (HDA)
module. Note that the HDA module is also shared with two branchs and we sum the unary and attentional features to further
enhance feature representations. We construct a joint cost volume based on the GwcNet and improve the performance by
zero-centered operation. The 4D cost volumes are regularized by a 3D CNN network to obtain a final 3D cost volume. Last, we
apply the disparity regression to predict a disparity map.
[32, 33]capture the image level context using global average pooling
which enlarges the receptive field. PSPNet[38] proposes a spatial
pyramid pooling (SPP) with four different scales and pixels belonging to one of the sub-regions are treated as the same context
pixels. DeepLab v2[6] employs the atrous spatial pyramid pooling
(ASPP) to capture the neighboring context based on different dilation rate. A vortex pooling[29] is proposed to further optimize
ASPP by considering as many descriptors as possible to obtain more
comprehensive contextual features. The effectiveness of context for
stereo matching is also verified by [3, 4, 25]. PSMNet[4] embraces
the SPP module proposed in PSPNet[38] for effective incorporation
of global contextual information. The work [40]further designs a
cross-form context spatial pyramid architecture (CFSP) to improve
the SPP module. StereoDRNet[3] introduces the Vortex pooling[29]
which improves the atrous spatial pooling[5] and sets different dilation rates in the 3D convolution network for reducing the resolution
of the cost.
Attention mechanism. Recently, attention mechanism has
been widely applied to various tasks[1, 9, 24, 25, 34] for adaptive
modeling long-range dependencies. The application in the field
of semantic segmentation is similar to our task. OCNet[34] employs the self-attention to learn the object context map recording
the similarities between all the pixels and the associated pixel 𝑝.
DANet[9] applys position and channel attention simultaneously
to improve feature representation. By processing local attention
twice along the criss-cross path, CCNet[15] can also capture the
global dependencies from all pixels with lower computational consumption. ANN[41] embeds a SPP sub-sampling module into an
asymmetric pyramid non-local block which efficiently decreases
the computation and GPU memory consumption over the standard
non-local modules[9, 34]. Our proposed horizontal attention not
only saves the consumption of computing resources, but also is
more suitable to stereo matching under the epipolar constraint.
In the field of stereo matching, NLCA-Net[24] presents a variancebased approach to construct the cost volume and applies a selfattention module for regularizing the 4D cost volume. Compared

with the NLCA-Net, our proposed HDA-Net applies the attention
mechanism on 3D unary features which can greatly reduce the
computation burden. Unlike the MCANet[25], which designs an
ASPP attention module to exploit the weighted multi-scale context
information, our proposed attention module compares the similarity between each pixel and other spatial pixels instead of pointing
out the importance of different scales.
Learning based cost volume. Traditional methods[13, 37] mostly
use some hand-crafted algorithms to compute the matching cost.
Early researches based on deep learning also follow the traditional
idea. For example, DispNet[22] and FlowNet[8] both design convolutional layers to calculate the matching cost. However, it’s difficult to effectively utilize the rich feature information learned by
the network by simply applying an explicit matching measure.
MCCNN[36] proposes an accurate architecture to learn a similarity measure on image patches via a number of FCN[20] layers.
GCNet[17] firstly proposes a learnable matching measure to construct a concatenation-based 4D feature volume and then design
a 3D aggregation sub-network for further integrating the context,
which could make better use of the contextual information obtained
by the HDA module. Following GCNet, PSMNet[4] also constructs
a 4D concatenation feature volume and applies a stacked 3D hourglass networks to obtain 3D cost volume. The drawback of the
learnable concatenation volume is that no reliable signal in the
feature matching module can guide the network to do the right
thing. Thus pure learning-based methods could easily cause the
overfitting problem. Gwcnet[11] proposes a joint cost volume consisting of a group-wise correlation cost volume and a concatenated
feature volume, which effectively improves the performance. The
main feature of Gwcnet is the group-wise correlation, which splits
the features into groups and computes correlation maps group by
group, but our investigation shows this correlation could not obtain
the correct matching cost in some situations. Based on this insight,
we propose a zero-centered correlation to solve this issue.
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Figure 3: The details of HDA module. Where 𝑁 = 𝐻 × 𝑊 .

3

OUR METHOD

𝑟 ) by the Bayes’s rule,
factorize the posterior 𝑃 (𝑑𝑛 |𝐼𝑛𝑙 , 𝐼 1𝑟 , 𝐼 2𝑟 , ..., 𝐼 𝑁

Given a rectified image pair 𝐼𝑙 and 𝐼𝑟 , the goal of stereo matching is
to find the pixels of the reference view(𝐼𝑙 ) with respect to the target
view(𝐼𝑟 ) that correspond to the same 3D point. In this section, we
describe the details of the proposed HDA-Net for stereo matching.

3.1

𝑟
𝑟 𝑙
𝑃 (𝑑𝑛 |𝐼𝑛𝑙 , 𝐼 1𝑟 , 𝐼 2𝑟 , ..., 𝐼 𝑁
) ∝ 𝑃 (𝑑𝑛 |𝐼𝑛𝑙 )𝑃 (𝐼 1𝑟 , 𝐼 2𝑟 , ..., 𝐼 𝑁
|𝐼𝑛 , 𝑑𝑛 )

Our proposed horizontal deformable attention module builds a
prior 𝑃 (𝑑𝑛 |𝐼𝑛𝑙 ) over the disparity space. Firstly, the horizontal attention module calculates pixel-wise similarities with respect to the
pixels on the epipolar line in the target image and aggregates the
features at each position by a weighted sum using the similarities.
Most of the pixels in the same horizontal line of the current pixel
coincide with the points to be matched in the rectified target image.
Conversely speaking, if the matching point of a reference point
can be found in the target view, it will be high-probable that we
can find a surrogate point with similar appearance to the matching
point, just in the same line of the reference point, because of the
left-right consistency of stereo images. Therefore, HDA can focus
on extracting more reliable prior features and thus the final prediction becomes more accurate by precluding the interferences from
irrelevant image regions. We further introduce a deformable module to enhance the prior’s accuracy in some discontinuous disparity
areas such as object boundaries.
𝑟 |𝐼 𝑙 , 𝑑 ) as a zeroWe express the joint likelihood 𝑃 (𝐼 1𝑟 , 𝐼 2𝑟 , ..., 𝐼 𝑁
𝑛 𝑛
centered correalation, which stores the matching costs of all pixels
within the maximum disparity range. The joint cost volume consists
of an improved zero-centered group-wise correlation volume and
the learnable concatenation volume, which constructs the full reasonable posterior distribution. The explicit correlation measures the
left–right feature difference, while the pure concatenation volume
can fully leverage the contextual information. Therefore, the accuracy of the joint likelihood can be further improved by combining
these two volumes.

Overview

We use the GwcNet[11] based on the PSMNet[4] architecture as the
baseline. The architecture of our HDA-Net is shown in Fig. 2. In the
feature extraction stage, we firstly adopt the ResNet[14] as the backbone to extract the dense unary features of RGB images. In order
to capture the distinguishing feature representations for achieving
accurate stereo correspondence, we design a horizontal deformable
module to obtain an adaptive depth-aware feature representation,
which aggregates contextual information with similar depth features around the horizontal direction. Note that the convolution
layers of the two branches in the feature extraction module are
weight-shared. After getting the rich contextual feature representations, we build a guided learnable joint cost volume, which consists
of a concatenated feature volume and a zero-centered group-wise
correlation volume. Then, a stacked hourglass network is applied
to aggregate and regularize the 4D cost volume with the 3D convolution units from the spatial and disparity dimensions. We use
3D convolutions at the end of the 3D CNN to squeeze the channel
dimensions of the cost volume into dimension 1, generating a 3D
cost volume. And then upsample it to the original size of input images. Finally, we adopt the disparity regression as proposed in[17]
to predict the continuous and differentiable disparity map.

3.2

Bayesian MAP Interpretation of Our
HDA-Net

3.3

Stereo matching is modeled as a Maximum a Posteriori estimation(MAP) problem here. Given a reference image 𝐼 𝑙 and a target
image 𝐼 𝑟 , we can compute the disparities 𝑑𝑛 as follow,
𝑟
𝑑𝑛∗ = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑃 (𝑑𝑛 |𝐼𝑛𝑙 , 𝐼 1𝑟 , 𝐼 2𝑟 , ..., 𝐼 𝑁
),

(2)

Horizontal deformable attention

As shown in Fig. 3, our proposed HDA module consists of a horizontal attention module and a deformable module. The HDA module
takes the unary features learned from the ResNet backbone as input, and firstly outputs the aggregated features with distinguished
pattern by the horizontal attention module. Then, the attentional
features further pass into the deformable module to enhance the
refined feature representations.

(1)

𝑟
where 𝐼 1𝑟 , 𝐼 2𝑟 , ..., 𝐼 𝑁

denotes all candidate feature points in the right
image which are located on the epipolar line of 𝐼𝑛𝑙 . Then, we can
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Horizontal Attention. For correspondence estimation, discriminative feature representations which could be obtained by capturing depth-context information are crucial in the ill-posed areas such
as object boundaries or textureless regions. The intuition of the
depth-context is to represent a pixel by exploiting the representations of other pixels that have similar depth values. Previous works
like[3, 4] utilize the multi-scale features to aggregate the context
information, leading to hand-crafted receptive filed which restricts
the capability for adaptive geometric transaction. To solve this
problem, we propose the horizontal-attention module to capture
local horizontal correspondence for encoding depth-context at each
pixel. Noted that, our horizontal attention mechanism only focuses
on the features belonging to same row of the central pixel, which
efficiently leverages the epipolar constrant to capture the most
useful features rather than global feature representations. Next, we
elaborate the process to adaptively aggregate spatial depth-context
on the horizontal direction.
The horizontal attention module is shown in the left part of Fig. 3.
We denote the input unary feature as X ∈ R𝐶×𝐻 ×𝑊 , where 𝐶, 𝐻 and
𝑊 indicate the channel number, spatial height and width, respectively. We firstly apply three convolutional layers 𝒇 _𝒒𝒖𝒆𝒓𝒚, 𝒇 _𝒌𝒆𝒚
and 𝒇 _𝒗𝒂𝒍𝒖𝒆 with 1 × 1 kernels on X to generate 𝑸 ∈ R𝐶/2×𝐻 ×𝑊 ,
𝑲 ∈ R𝐶/2×𝐻 ×𝑊 and 𝑽 ∈ R𝐶×𝐻 ×𝑊 . The filters of 𝒇 _𝒒𝒖𝒆𝒓𝒚 are
shared with 𝒇 _𝒌𝒆𝒚 and their output feature maps decrease the input feature channels from 320 to 128, reducing the computation and
memory consumption. Next, we flatten the spatial dimension of
these three output to 𝑸, 𝑲 and 𝑽 , where the 𝑸 is then transposed in

Figure 4: An illustration of the drawback of the dot-product
similarity. The similarity between the red vector and the
green vector 1 and the blue vector 2 before the zero-centered
is 0.145 and 0.2475 respectively. After linear transformation,
the calculated similarity result is -0.00625, -0.0245 respectively. It is obvious that our zero-centralized correlation calculation results are more in line with the actual situation.

As shown in Figure 6, the inconsistent disparity of blue grid can be
improved by our attention module.
Deformable Attention. Although the attention module can
reduce the error of the object boundaries to a certain extent, it
still cannot achieve accurate estimation in those regions. To this
end, we further propose the deformable module for flexible feature
fusion by applying the deformable convolution[18]. By learning
spatial convolution offsets, the deformable convolution can adaptively sample positions with similar depth as the central pixel. The
details of the deformable module is shown in the right side of Fig.
3. Our deformable module consists of a 1 × 1 convolution, a 3 ×
3 deformable convolution and a 1 × 1 convolution. The 3 × 3 deformable convolution[39] is applied to compute the deformable
attention feature and we sum it to the input feature for generating
the final HDA features, which are more accurate, discriminative
and robust. We adopt the modulated deformable module[39] which
can modulate the input feature amplitudes from different spatial
locations. The offsets and weights are not shared by each channel
like[30]. We divided the 320 channels into 8 groups and share the
parameters within the same group. As shown in the fourth row
of Fig. 6, by introducing a deformable module, a more accurate
disparity estimation can be obtained in the object boundary.

T

the spatial dimensions to 𝑸 . Next, the attention map Y ∈ R 𝑁 ×𝑊 is
calculated by an affinity operation between 𝑸 T and 𝑲 followed by
a column-wise softmax operations, defined as follows:
T

𝑌 = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑸 𝑲 )

(3)

T

𝑒𝑥𝑝 (𝑸 𝑖 · 𝑲 𝑗 )
𝑦 𝑗,𝑖 = Í
𝑛 𝑒𝑥𝑝 (𝑸 T · 𝑲 )
𝑗
𝑖
𝑖=1

(4)

where 𝑦 𝑗,𝑖 represents the feature similarity between the 𝑖 𝑡ℎ and
positions. In stereo matching, more similar feature representations indicate more plausible disparity between two spatial points
and the aggregation of the similar depth features can achieve mutual gains. We next perform one more affinity operation between
the attention map and the value features 𝑽 and reshape the result
′
′
to 𝒀 ∈ R𝐶×𝐻 ×𝑊 . Finally, we add the contextual information 𝒀 to
the unary feature 𝑿 to obtain the final output 𝑨 ∈ R𝐶×𝐻 ×𝑊 of the
feature extraction stage as follows:
𝑗 𝑡ℎ

′

𝑨 = 𝑠𝑢𝑚(𝛼𝒀 , 𝑿 )

3.4

(5)

where 𝛼 is a learnable parameter to adjust the weight of the horizontalattention operation. Note that we sum the attention feature and
input feature instead of concatenating them as in[34] and obtain
better performance in our task. Attention mechanism tends to capture global context information, which is important for textureless
regions and the depth consistency on individual objects. Although
our horizontal attention only aggregates the features in the horizontal direction, the features after feature extraction module have
a considerable receptive field and can capture global information.

36

zero-centered group-wise correlation
volume

In GwcNet[11], a cost volume consists of a group-wise correlation
volume and a concatenation volume was proposed to provide complement information for achieving better performance. Inspired by
this idea, we conduct some further research to validate the effectiveness of the group-wise correlation. Then, we observed computing
the similarity of two matching feature vectors only by a dot product
is an obvious drawback of the group-wise correlation, which will
lead to wrong similarity result (as shown in Fig. 4). When using the
vector inner product to represent the correlation, there is a premise:
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Table 1: Ablation Study

the vector is normalized to the unit vector and the essence is the
cosine distance. Although batch normalization within the network
can have a certain normalization effect on the entire channel dimension, there is almost no normalization characteristic for the
grouped feature vectors.
In order to solve this problem, we introduce a zero-centered
group-wise correlation cost volume to alleviate the influence of the
vector magnitude. Before calculating the correlation between two
vectors, we first subtract the average of the two vectors, that is,
using the zero-centered vector to represent the distribution of the
current vector,
Í𝑛
𝑗=1 𝑋 𝑗
𝑋𝑖 = 𝑋𝑖 −
(6)
𝑁

Module
Evaluation metrics
Horizontal Deformable Zero-Centered
EPE(px) Thres1(%) Thres2(%) Thres3(%)
correlation
attention module
0.765
8.03
4.47
3.30
√
0.735
7.81
4.31
3.16
√
0.759
7.95
4.37
3.21
√
0.737
7.85
4.34
3.17
√
√
0.730
7.65
4.30
3.18
√
√
0.727
7.61
4.28
3.18
√
√
0.732
7.63
4.29
3.18
√
√
√
0.707
7.53
4.15
3.05

implement our proposed HDA-Net and adopt Adam[18] optimizer(𝛽 1
= 0.9, 𝛽 2 = 0.999) with the initial learning rate 0.001. We train our
model on 4 Tesla V100 GPUs with a fixed batch size of 16 and set the
maximum disparity to 192 pixels. The processing of input images
is same as GwcNet[11]. For Scene Flow, we train our network with
16 epochs and the learning rate decreases 50% every 2 epochs after
10 epochs. We shuffle the training set at every epoch. For KITTI,
we fine-tune the model trained with Scene Flow for another 300
epochs and downscale the initial learning rate to 0.0005 after 200
epochs. Since KITTI benchmark does not offer ground truth for
the testing set, we divide the original set into a training set and
a validation set by the ratio of 9:1. We finally choose the model
with the best performance in the validation set after 250 epochs
and submit it to the leaderboard.

where 𝑋𝑖 is one of the feature vectors that participates in the calculation of matching costs and 𝑋 𝑗 belongs to a set of candidate
matching vectors. Applying the zero-centered correlation, the similarity in Fig. 4 between the red vector and the blue-green vector
is more reasonable. Instead of simply normalizing the vector, we
transform the feature space in an average removal manner, which
can reduce the amount of extra exponential calculation introduced
by the normalization operation.
Inappropriate similarity calculation method also results in unreasonable cost distribution due to the wrong similarity measurement.
As shown in Fig. 5, the group-corr volume failed to guide the learnable cost volume to construct a unimodal and sharp cost-disparity
curve, but the proposed zero-centered-corr volume significantly
alleviates this problem.

4.2

The effectiveness of zero-centered group
wise correlation volume

In this section,we explore the effectiveness of our proposed zerocentered group wise correlation volume. As mentioned before and
shown in Fig. 1, there may be some unreasonable cost distributions
using the learnable cost volume. Although GwcNet[11] explicitly
introduces a similarity measure based on group-wise correlation to
guide the cost volume based on learning, it has obvious drawbacks
shown in Fig. 4 and still leads to inaccurate cost distribution, as
shown on the left side of Fig. 5(a).
In order to solve this problem, we propose a zero-centered correlation method to provide variant normalization. The reason for
using zero-centric computing instead of applying normalization
is that the former only introduces a small consumption of computing resources, while the exponential computing introduced by
the latter will significantly increase the network running time. The
HDA-ZCGWC can not only correctly calculate the vector similarity
in the Fig. 4, but also generate a more accurate and reasonable cost
distribution curves, as shown on the right side of Fig. 5.

Figure 5: Comparison of cost distribution along the disparity
dimension of cost volume (red lines indicate the true disparity). (a) Results produced by the HDA module and the groupwise correlation. (b) Results produced by the HDA module
and the zero-centered group-wise correlation. Our proposed
zero-centered correlation method generates a more reasonable unimodal cost distribution with higher sharpness.

4.3

Ablation

In this subsection, we decomposed our proposed HDA-Net to verify
the effectiveness of each part. The proposed HDA module consists
of horizontal-attention module and deformable module. In Fig . 6,
there are problems of blurring boundaries and inconsistencies of
homogeneous regions in the disparity maps of GwcNet. Specifically,
in the testing result of left scene, the boundaries of the front and
rear objects overlap where labeled by the ellipse box. And the disparity map of the synthetic cabinet object labeled by a square box

4 EXPERIMENT
4.1 Implement details
The experimental datasets include the synthetic dataset Scene
Flow[22] and the real-world dataset KITTI[23]. We use PyTorch to
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Table 2: Comparisons with four contextual modules: SPP,
ASPP, Vortex pooling and our proposed HDA in Scene Flow
testing set. We add the four modules respectively in the end
of feature extraction stage based on the GwcNet. Note that
all four methods achieve better performance that the baseline and our HDA module has lowest error in all metrics.
Model
Base
Base-spp
Base-aspp
Base-vortex pooling
Base-HDA-GWC

>1px
8.03
7.885
7.935
7.959
7.654

>2px
4.47
4.353
4.398
4.351
4.303

>3px
3.30
3.21
3.246
3.185
3.180

EPE
0.765
0.753
0.752
0.748
0.730

has apparent inconsistent interference. With the implementation of
horizontal-attention, leveraging global semantic information, the inconsistency problem of homogeneous objects is basically solved. In
Tab. 1, compared with baseline, implementing horizontal-attention
can lead the EPE to drop 3.9% in the Scene Flow dataset. For the
boundaries of the object, horizontal-attention may misjudge some
pixels, but deformable convolution can respond strongly to the
edges of objects in different directions. In Fig. 6, the test result of
HDA has a more accurate performance on the details of boundaries
compared with the test result of horizontal-attention. The proposed
HDA-Net combining horizontal-attention and the deformable convolution achieves a 4.6% EPE drop in Sence Flow dataset. We further
propose a zero-centered correlation method to construct a joint
cost volume, which could generate more reasonable and accurate
cost distribution. The best model HDA-ZCGWC achieves a biggest
EPE drop 7.6% in the Sence Flow dataset.

4.4

Context aggregation module comparison

Previous works like SPP[4], ASPP[5] and Vortex pooling[29] already show their ability of capturing context information. In order
to compare the performance with different contextual aggregation
modules, we use the GwcNet-gc as the baseline network and combine different context modules in the feature extraction stage to
conduct comparison experiments.
Concretely, we firstly extract the unary features of the stereo
images with the ResNet backbone and then feed a conv4_x layer
to SPP, ASPP and Vortex pooling modules to construct different
contextual modules for capturing global context information. All
the three modules capture context information by aggregating
multi-scale features at each pixels. Different from above methods,
we cascade conv2_16, conv3_3 and conv4_4 as the input feature
and then apply it to our proposed HDA module which adaptively
harvests the contextual information with global dependencies. Note
that we use convolution and concatenation operations to unify the
number of output feature channels of the 4 modules to 320.
Tab. 2 shows a quantitative performance comparison between
the four methods on the Scene Flow testing set. Compared with the
baseline network, the combined four contextual modules greatly
reduce the error of disparity map and our proposed HDA module
achieves lowest end point error. The first three methods have two
common disadvantages: the dilated convolution can only utilize a

Figure 6: Disparity map comparisons of the ablation study
of our proposed HDA-Net on Scene Flow testing set. Our
horizontal attention module (third row) infers better results in terms of the homogeneous depth regions and object boundaries compared with the baseline (second row). After integrating the deformable module, the performance of
the HDA module with the group-wise correlation cost volume(forth row) at the object boundary areas is higher than
attention-only module. The second last row shows the better performance of our proposed zero-centered group-wise
correlation method.

few descriptors that are not enough to generate dense contextual information, and the hand-crafted kernel size pooling operation used
to aggregate context information is not applicable to pixels in the
depth interruption areas. Our HDA module properly solves the both
problems by introducing attention mechanism to aggregate contextual information from global image pixels and by using deformable
convolution to further satisfy the requirement that different depth
pixels need different feature dependencies.
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Table 3: Comparison of the evaluate metrics between HDA-Net and the top-ranked methods in the KITTI 2015 datasets.

MC-CNN[36]
DispNetC[22]
GC-Net[17]
PSMNet[4]
SegStereo[31]
Stereo-DRNet[3]
SSPCV-Net[28]
GwcNet-g[11]
MCANet[25]
Ours

All(%)
D1-fg
8.88
5.56
6.16
4.62
4.07
4.95
3.89
3.93
3.90
3.76

D1-bg
2.89
3.43
2.21
1.86
1.88
1.72
1.75
1.74
2.82
1.69

D1-all
3.89
3.43
2.87
2.32
2.25
2.26
2.11
2.11
3.00
2.03

D1-bg
2.48
2.73
2.02
1.71
1.76
1.57
1.61
1.61
2.64
1.55

Noc(%)
D1-fg
7.64
4.95
5.58
4.31
3.70
4.58
3.40
3.49
3.28
3.32

D1-all
3.33
3.09
2.61
2.14
2.08
2.06
1.91
1.92
2.74
1.84

Time
(s)
67
0.06
0.90
0.41
0.60
0.23
0.90
0.90
0.32
0.36

Table 4: Comparison of the evaluate metrics between HDA-Net and the top-ranked methods in the KITTI 2012 datasets.
>2px(%)

>3px(%)
All
5.45
8.11
3.46
3.01
3.19
2.87
3.09
2.71
3.60
2.61

Noc
2.43
4.11
1.77
1.49
1.68
1.42
1.47
1.32
1.91
1.28

>5px(%)
All
3.63
4.65
2.30
1.89
2.03
1.83
1.90
1.70
2.42
1.66

Noc
1.64
2.05
1.12
0.90
1.00
0.87
0.80
1.20
0.78

Mean Error(px)
Noc
All
0.7
0.9
0.9
1.0
0.6
0.7
0.5
0.6
0.5
0.6
0.5
0.5
0.5
0.6
0.5
0.5
0.5
0.6
0.5
0.5

Time
(s)
67
0.06
0.9
0.41
0.6
0.23
0.90
0.32
0.062
0.42

GwcNet-g

Image

PSMNet

GwcNet-g

Ours

PSMNet
Ours

Figure 7: Depth map comparsions of KITTI 2015.

Figure 8: Depth map comparsions of KITTI 2012.

5
4.5

All
2.39
2.39
1.46
1.15
1.21
1.14
1.03
1.53
1.01

Image

MC-CNN[36]
DispNetC[22]
GC-Net[17]
PSMNet[4]
SegSterro[31]
Stereo-DRNet[3]
SSPCV-Net[28]
GwcNet-gc[11]
AANet[30]
Ours

Noc
3.90
7.38
2.71
2.44
2.66
2.29
2.47
2.16
2.90
2.08

The performance on KITTI leaderboard

CONCLUSION

In this paper, we have presented a Horizontal Deformable Attention
Network for stereo matching. The HDA module generates dense
and pixel-wise depth-contextual information which is effective for
accurate disparity estimation. We also propose a zero-centered
correlation to construct a joint cost volume by feature volume concatenation, which can generate unimodal and sharp disparity-cost
distributions. Our ablation study shows that the attention module
can generate geometrically consistent disparity map in homogeneous depth areas and the deformable module further improves the
details around object boundaries.

We evaluate our method on KITTI datasets by submitting the best
validation model to the leaderboard. Tab. 3 and Tab. 4 show that our
HDA-Net achieves competitive performance compared with current
state-of-the-art methods. We visualize the comparison results with
Gwcnet and PSMNet in Fig. 7 and Fig. 8. Our method solves the
problem of inconsistent disparity in homogeneous depth regions
(chain in Fig. 7 and street lamp in Fig. 8) and produces more accurate
results in object boundaries (the coupling part of the car engine
and the trunk is separated in Fig. 8).
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