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Abstract

Recently, Transformers have been shown to enhance the performance of multi-view
stereo by enabling long-range feature interaction. In this work, we propose Window-
based Transformers (WT) for local feature matching and global feature aggregation
in multi-view stereo. We introduce a Window-based Epipolar Transformer (WET)
which reduces matching redundancy by using epipolar constraints. Since point-
to-line matching is sensitive to erroneous camera pose and calibration, we match
windows near the epipolar lines. A second Shifted WT is employed for aggregating
global information within cost volume. We present a novel Cost Transformer
(CT) to replace 3D convolutions for cost volume regularization. In order to better
constrain the estimated depth maps from multiple views, we further design a novel
geometric consistency loss (Geo Loss) which punishes unreliable areas where
multi-view consistency is not satisfied. Our WT multi-view stereo method (W'T-
MVSNet) achieves state-of-the-art performance across multiple datasets and ranks
1t on Tanks and Temples benchmark.

1 Introduction

Multi-view stereo (MVS) estimates depth maps of multi-view calibrated images in order to perform
dense 3D reconstruction. MVS solutions aim to find correspondences between pixels in a reference
image and epipolar lines in source images in order to estimate consistent depth values. Recently,
Transformers were proposed for enabling long-range feature matching between reference and source
images [3], achieving impressive reconstruction quality. However, matching each pixel in reference
and source images without epipolar geometry constraints incurs matching redundancy. A recent effort
to perform attention-based matching along the epipolar lines of source images [32], suffers instead
from sensitivity to inaccurate camera pose and calibration, which can in turn results to erroneous
matching. Another key step in contemporary learned MVS methods is the regularization of cost
volume, generated by stacking cost maps associated with respective depth hypotheses. Typically,
3D CNNs are employed along the feature channels to estimate a probability function over different
depth values [7, 33]. Recently, shifted window Transformers were shown to enable local feature
aggregation while maintaining long-range cross interaction, surpassing CNNs across different vision
tasks [4, 11, 12, 14, 15]. Interestingly, while learned MVS methods aim to estimate the likelihood
of depth hypotheses from multi-view feature consistency, they calculate the absolute error between
ground truth and predicted depth expectation without geometrical consistency supervision [2, 7, 33].

In this work, we propose Window-based Transformers (WT) to address both local feature matching
and global feature aggregation. In order to introduce epipolar constraints into attention-based feature
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Figure 1: Comparison of performance with state-of-the-art learning-based MVS methods [3, 7, 16,
,19,26,27,32,37] on DTU dataset[5] (lower is better) and Tanks and Temples benchmark [9]
(higher is better).

matching while maintaining robustness to camera pose and calibration inaccuracies, we develop a
Window-based Epipolar Transformer (WET), which matches reference pixels and source windows
near the epipolar lines. Motivated by the success of Transformers in visual feature aggregation, we
further employ a window-based Cost Transformer (CT) for cost volume regularization. The CT is
able to aggregate the global information within the whole cost volume and produces a much smoother
and more complete probability volume. Finally, we extend the commonly used cross entropy loss (CE
Loss) with our Geo Loss, which penalizes depth values that are not geometrically consistent across
multiple views. Our WT-based method (WT-MVSNet) is evaluated on multiple MVS datasets. We
show that it achieves significant and consistent improvement in terms of reconstruction accuracy and
completeness and note that it ranks 15 on the intermediate and advanced sets of Tanks and Temples
benchmark [9].

In summary, our main contributions are as follows:

* We introduce a Window-based Epipolar Transformer (WET) for enhancing patch-to-patch
matching between the reference feature and corresponding windows near epipolar lines in
source features.

* We propose a window-based Cost Transformer (CT) to better aggregate global information
within the cost volume and improve smoothness.

* We design a novel geometric consistency loss (Geo Loss) to supervise the estimated depth
map with geometric multi-view consistency.

» Extensive experiments show that our method achieves state-of-the-art performance on
multiple datasets. It ranks 1°¢ on the online Tanks and Temples benchmark.

2 Related works

2.1 Learning-based MVS

Over the past few years, learning-based MVS methods [7, 26, 34] have made significant progress in
terms of accuracy, completeness, runtime and memory. A standard learning-based MVS pipeline
typically consists of three modules: feature extraction, cost volume construction and cost volume
regularization. MV SNet [33], which initially suggested this pipeline, computes a cost map for each
depth hypothesis by warping the extracted features from several overlapping views using differentiable
homography. It then builds a cost volume from stacked cost maps and regularizes it with a 3D UNet.
This regularization process outputs a probability distribution over the different depth hypotheses. The
depth map is estimated with the expectation or winner-take-all strategy of depth hypotheses, only
with the supervision of ground truth depth map in reference view.

While being the first learning-based MVS method to achieve comparable results with traditional
methods, the use of a 3D UNet for regularization carried high memory and runtime costs. Different
methods were soon to follow, proposing alternative regularization approaches for mitigating this
problem. Specifically, two main MVS categories have emerged: cascade-based 3D CNNs methods
[2,7,31,36,37] and RNN-based methods [25, 27, 28, 30, 34]. Cascade-based methods leverage a
multi-stage strategy to regularize the cost volume with a gradually narrower depth dimension. These



methods achieve signi cant improvement in memory, runtime and reconstruction quality compared
to MVSNet, but struggle when trying to scale to high-resolution images. In order to address this
limitation, RNN-based methods were proposed for performing recurrent regularization of cost maps.
Such methods scale better in terms of memory but are much slower (due to the sequential nature
of their regularization). However, neither of these kinds of methods utilize a global receptive eld

to perform regularization. Unlike these methods, our proposed CT rst uses 3D window-based
transformers for aggregating global information in cost regularization, making depth maps smoother
and more complete.

2.2 Transformers and Attention for Feature Matching

Transformer P4], which was initially designed for natural language processing (NLP), has sparked
the interest of the computer vision community due to its superior performance on vision challenges
[1, , 18, 20]. The ideology of Transformer has been used in the process of feature matching
because of its inherent advantage in capturing global context information with an attention mechanism.

With alternating self-attention and cross-attention, SuperGliilenfiatches the sparse features via
spatial relationships and the visual appearance of the keypoints. Lo Rt{lizes Transformer in

a cascade structure to learn densely arranged and globally consented matching priors in ground-truth
matches with interleaving self-attention and cross-attention for dense features matching. 18T TR [
captures long-range global context information interaction between different features, leveraging
alternating self-attention and cross-attention along epipolar lines.

TransMVSNet B] rst introduces Transformers into MVS task, which matches each reference pixel
with the whole source images without using the epipolar constraints and achieves impressive results.
MVS2D [32] uses the attention mechanism to perform point-to-line matching while ignoring the
inaccurate camera calibrations. To solve such problems, we propose the WET that utilizes the
window-based transformers for enhancing patch-to-patch matching, taking into account the epipolar
constraint and the inaccurate camera calibration. Compared with TransMVSNet, our WET uses a
much smaller matching space and costs less computation; compared with MVS2D, WET is more
robust to the imperfect camera calibrations and poses.

3 Method

This section introduces the main contributions of our paper in detail. Firstly, we review the overall
architecture of WT-MVSNet in Sec. 3.1, and then describe the three main contributions: Window-
based Epipolar Transformer (WET) for global feature interaction in Sec. 3.2, Cost Transformer (CT)
for cost regularization in Sec. 3.3 and geometric consistency loss (Geo Loss) in Sec. 3.4.

3.1 Network Overview

The overall architecture of WT-MVSNet is shown in Fig. 2. Given a reference imageR™ W 3,
several source imagés; giN:1 1 their corresponding camera extrinsic matfis; giN:0 ! and intrinsic

matrixsf K gl *, as well as depth rangéin ; dmax ], WT-MVSNet aims to estimate the reference
depth mapD ( to reconstruct a dense 3D point cloud. Based on CasMVSHgetHe rst step

is to extract the multi-scale featuréEigiN:0 ! of all input images via Feature Pyramid Network
(FPN) [L3] at 1/4, 1/2 and full image resolutions. To strengthen the global feature interaction within
and across multi-view images, we propose a Window-based Epipolar Transformer (WET) to perform
intra-attention and inter-attention alternately on the extracted features. Then we warp the transformed
source features into reference view for building 3D cost vol¥mefH W C D, where

C andD denote the number of feature channels and the number of depth candidates. After that,
we use the proposed Cost Transformer (CT) to regulafiznd produce the probability volume
PofH W D, which aggregates the global cost information and can be used to generate the
estimated depth. In the end, we utilize cross entropy loss (CE Loss) to supervise the probability
volume and propose a geometric consistency loss (Geo Loss) to impose punishment in the area where
the geometric consistency is not satis ed.



Figure 2: Overview of WT-MVSNet. Given multi-view imagés; gi’\'=0 1 and the corresponding
camera extrinsic matrixsT gL, * and intrinsic matrix§ K ; gL, *, WT-MVSNet rstly extracts
multi-scale featurebF; giN:0 ! of all input images. Then it uses Window-based Epipolar Transformer
(WET) to strengthen the global feature interaction within and ao‘rEsgiN:O 1. By performing global

cost regularization using Cost Transformer (CT) on 3D cost vol¥m&VT-MVSNet is able to
produce a probability volume, which will be used to compute the estimated depth map by using
winner-take-all strategy.

3.2 Window-based Epipolar Transformer

Most existing learning-based MVS methods that build cost volume directly via warping extracted
features, result in lacking global context information. To address this problem, we introduce a
Window-based Epipolar Transformer (WET) which reduces matching redundancy by using epipolar
constraints. Since point-to-line matching is sensitive to erroneous camera calibration, we match
windows near the epipolar lines. Sec. 3.2.1 introduces the preliminaries including Swin Transformer
and intra-attention. Sec. 3.2.2 introduces the proposed Window-based Epipolar Inter-attention, which
is the core of WET. Sec. 3.2.3 describes the overall architecture of WET.

3.2.1 Preliminaries

Attention mechanism Swin Transformer [14] proposes a hierarchical feature representation with
only linear computational complexity, achieving excellent performance in a variety of computer
vision tasks. A Swin Transformer block contains window-based multi-head self attention (W-MSA)
and shifted window-based multi-head self attention (SW-MSA), which can be formulated as:

2l = W-MSA(LN (' })+ Z' 1 (1)

Z' = MLP (LN (") + 2"; 2)
2*1 = SW-MSA(LN (z") + Z'; (3)
Z'"t = MLP (LN 2'*1)) + 2!, 4)

whereLN andMLP denote the LayerNorm and Multilayer Perceptibhandz' are the outputs of
(S)W -MSA andMLP of thel™ block. Swin Transformer divides the feature into non-overlapping
windows and groups as que@, keyK and valueV . The feature-wise similarity is extracted by the
dot product ofQ andK corresponding to eacti. The formula for attention can be de ned as:

p_
Attention (Q;:K;V) = SoftMax QK "= d+ B V; (5)
whered presents the dimension of the query and key features.BAigtthe relative position bias.

Intra-attention and Inter-attention WhenQ andK are taken from the same feature map, the
attention layers will capture relevant information within the given feature map. On the contrary, when
Q andK are taken from different feature maps, the attention layers will enhance context interaction
between different views.



Figure 3: lllustration of WET. GivefF; gi’\':0 1 WET dividesF; into non-overlapping windows and

feed the attened windows in Intra-attention module and compute W-MSA and SW-MSA sequentially.
Then WET divides the reference feature into non-overlapping Windwgg}\"zo ! and warps the
corresponding center points to partition the corresponding windows on source features. By performing
Window-based epipolar inter-attention, WET is able to enhance the feature interaction across views
and improve the feature matching quality.

3.2.2 Window-based Epipolar Inter-attention

We perform inter-attention betwed&y and eaclh;, while only update&; by following TransMVS-
Net [3]. Speci cally, we perform inter-attention between the pixels-ig and corresponding patches
along the epipolar lines in eaéh separately. The rst step is to dividey into M non-overlapping

windowsf W (gL, * with the same sizlyin ~ Wiin , and warp the center poingg of W {, into F;

via differentiable homography warping. The warped center poinit§ afource vie\/\p{ are:
. h . i
pl = Ki R Ko'phd +t ; (6)

whereR andt denote the rotation and translation between reference view and sourcel victiie
estimated depth value in the very rst iteration of the coarsest stage. To perform inter-attention, we

partition a WindovWVJ; around eaclp{ with the same sizlyi,  Wyin , in which the epipolar line

of p! in source feature goes through. Therefore, the inter-attention is able to strengthen long-range
global context information interaction between the window of reference feature and the windows
near the epipolar lines on source features.

3.2.3 WET Architecture

The architecture of the proposed WET is represented in Fig. 3. WET is mainly composed of
intra-attention module and inter-attention module. In intra-attention module, the extracted features
fF; gi’\':0 ! are divided into non-overlapping windows. We atten each window and feed it to W-MSA
and SW-MSA sequentially. With only performing intra-attention within each partitioned window,
the W-MSA cannot capture global context of the whole input feature. To solve this problem, we
utilize SW-MSA and the shifted window partitioning strategy to enhance information interaction
between different windows and obtain global context. In order to reduce matching redundancy and
avoid erroneous camera pose and calibration, we perform Window-based Epipolar Inter-attention
between reference and source views. In inter-attention module, we @iyidl#o non-overlapping
windows and warp each center point to partition the corresponding windows in source features. After
attening the partitioned windows, we compute the inter-attention between each windeyand

the corresponding window in eaéh to transform and update; only.

3.3 Cost Transformer

In this section, we further explore the effects of different regularizations and nd that the global
receptive eld has a signi cant impact on nal performance. In practice, we propose a novel window-
based Cost Transformer (CT) to aggregate the global information within cost volume. As shown in
Fig. 4-(b), with the expansion of receptive eld, the voxels of probability volume with the highest



Figure 4: (a) The architecture of CT composes of encoder, decoder and skip connections. CT takes as
input an initial cost volume and performs regularization with aggregating the global cost information.
(b) Visualization of the voxel distribution of probability volume with the highest probability in depth
dimension. Compared with 3D CNNs and no-regularization, CT is able to produce smoother and
more complete probability volume, as well as higher con dence (yellow regions indicate higher
probability, which is equivalent to higher con dence).

probability in depth dimension become smoother and more complete, as well as higher con dence.
In comparison to 3D CNNs and no-regularization, our proposed CT produces probability volume
with higher quality.

3D attention As mentioned in Sec. 3.2.1, given a 2D featbragV-MSA and SW-MSA are able

to capture the global context withi. In the task of multi-view stereo, we are naturally faced with
handling 3D features (cost volunwe). To leverage global receptive eld in cost regularization, we
extend the W-MSA and SW-MSA to 3D version. To do so, we generally atten the 3D volume in
spatial and depth dimensions. The following operations are similar to 2D attentions.

CT Architecture  The overall architecture of CT is shown in Fig. 4-(a), which consists of encoder,
decoder and skip connections. Given an input cost volMméhe encoder rstly divided/ into
non-overlapping 3D blocks, each 3D block will then be attened frem 4 4 C to 32C.
Besides, a linear embedding layer is applied to project the channel dime3&Joimto c’ and
produces the embedded cost voluvh® After that, we further dividé/ °into non-overlapping 3D
windows, and atten each 3D window frod,in  hwin ~ Wuwin c’to Awin Nwin Wwin c’. The

attened windows are then fed infd 3D attention blocks, and each block consists of 3DW-Intra-Att,
3DSW-Intra-Att and patch merging layer. The patch merging layer is responsible for spatially down-
sampling and increasing channel dimension. In the decoder, we leverage deconvolutions to restore
the resolution. To decrease the loss of spatial information generated by the patch merging layer, we
concatenate the shallow features and the deep features together with skip connections, which fuses
the multi-scale features from the encoder with the decoder. Followed by a linear embedding layer
and a patch expansion layer, the transforidédemains the same as thedimensions. In the end, a

3D convolutionwithl 1 1 kernel is applied to produce the nal probability volurRe

3.4 Loss Function

Geometric consistency loss In general, the estimated depth maps are only supervised in reference
view without using the multi-view consistency, which is usually used to lter out the outliers during
the inference phase. We try to utilize such multi-view consistency in training phase and propose
a novel geometric consistency loss (Geo Loss) to impose punishment in the area where geometric
consistency is not satis ed. Firstly, we warp each pipeéh the estimated depth maibo of reference

view to obtain the corresponding pi)@i ini™" neighboring source view bg? =T, K 1Do(p)p,
whereD o(p) denotes the depth value of pixel In turn, we back- prOjqu>I into 3D space and then
reproject it to the reference view ps

P’ =(KiTip))=D%(p)); 7
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