The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

RRT-MVS: Recurrent Regularization Transformer for Multi-View Stereo

Jianfei Jiang, Liyong Wang, Haochen Yu, Tianyu Hu, Jiansheng Chen, Huimin Ma*

School of Computer and Communication Engineering, University of Science and Technology Beijing, China
{jiangjf, d202410454, haochen.yu} @xs.ustb.edu.cn, {tianyu, jschen, mhmpub} @ustb.edu.cn

Abstract

Learning-based multi-view stereo methods aim to predict
depth maps for reconstructing dense point clouds. These
methods rely on regularization to reduce redundancy in the
cost volume. However, existing methods have limitations:
CNN-based regularization is restricted to local receptive
fields, while Transformer-based regularization struggles with
handling depth discontinuities. These limitations often re-
sult in inaccurate depth maps with significant noise, partic-
ularly noticeable in the boundary and background regions.
In this paper, we propose a Recurrent Regularization Trans-
former for Multi-View Stereo (RRT-MVS), which addresses
these limitations by regularizing the cost volume separately
for depth and spatial dimensions. Specifically, we introduce
Recurrent Self-Attention (R-SA) to aggregate global match-
ing costs within and across the cost maps and filter out noisy
feature correlations. Additionally, we present Depth Residual
Attention (DRA) to aggregate depth correlations within the
cost volume and a Positional Adapter (PA) to enhance 3D po-
sitional awareness in each 2D cost map, further augmenting
the effectiveness of R-SA. Experimental results demonstrate
that RRT-MVS achieves state-of-the-art performance on the
DTU and Tanks-and-Temples datasets. Notably, RRT-MVS
ranks first on both the Tanks-and-Temples intermediate and
advanced benchmarks among all published methods.

Introduction

Multi-View Stereo (MVS) is a challenging task in computer
vision, aims to recover dense 3D point clouds of scenes or
objects from a series of calibrated images. Although tra-
ditional MVS methods (Galliani, Lasinger, and Schindler
2015; Xu and Tao 2020b; Xu et al. 2022a; Wang et al. 2023;
Yuan et al. 2024) have shown advancements in recent years,
they are hindered by manually crafted feature representa-
tions, and still struggle with issues such as reflective sur-
faces, occlusions, and areas with low texture. To address
these challenges, researchers have harnessed the powerful
capabilities of deep neural networks to develop learning-
based MVS methods. These methods typically involve four
key steps: feature extraction, cost volume construction, cost
volume regularization, and depth prediction.
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Figure 1: Comparison with state-of-the-art methods in terms
of (a) overall error and GPU memory consumption on the
DTU test set (lower is better), and (b) generalization ability
on the Tanks-and-Temples benchmark (higher is better).

Learning-based MVS methods primarily focus on calcu-
lating pair-wise feature correlations between reference im-
age and each source image by differentiable wrapping (Yao
et al. 2018), and aggregate them into a cost volume. Al-
though current MVS methods have attempted to improve the
accuracy of cost volume by enhancing feature extraction ca-
pabilities (Cao, Ren, and Fu 2022; Liu et al. 2023) or cost
volume construction methods (Wei et al. 2021; Wang et al.
2022c), constructing the cost volume inevitably introduces
redundant background information and incorrect matching
costs. Consequently, effectively tackling cost volume regu-
larization is crucial for MVS tasks.

Recently proposed state-of-the-art MVS methods often
use a cascade structure to predict depth maps in a coarse-to-
fine manner. As a crucial step in cascade-based MVS meth-
ods, cost volume regularization is typically achieved using
either CNNs or Transformers. CNN-based methods are con-
strained by their receptive fields, lacking the ability to cap-
ture the global context of the cost volume, and thus can
only perform local cost volume regularization. Transformer-
based methods require converting the format of 3D cost
volume to be processed by Transformers. Specifically, WT-
MVSNet (Liao et al. 2022) and CostFormer (Chen et al.
2023) partition the depth and spatial dimensions into smaller
3D windows and then apply window-based attention (Liu
et al. 2021). MVSFormer++ (Cao, Ren, and Fu 2024) com-
bines the depth and spatial dimensions into 1D sequences
and uses vanilla attention (Dao 2023) for cost volume reg-
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Recurrent Self-Attention segments the cost volume into cost maps {C; }

0 along the depth dimension D, applies 2D window-

based attention for regularization, and creates connections between the cost maps across the depth dimension.

ularization. Generally, the spatial dimensions represent the
2D coordinates of pixels and are continuous across the entire
scene. In contrast, the depth dimension is obtained through
depth sampling, which is sparser compared to the spatial di-
mension and cannot cover the entire scene at all stages. No-
tably, neighboring 2D coordinates in images may not corre-
spond to depth values from the same object. Simply merg-
ing the depth and spatial dimensions or dividing them into
3D windows can significantly impact depth estimation in ar-
eas with depth discontinuities, such as object boundaries or
backgrounds. This problem is exacerbated in cascade struc-
tures due to the increasingly narrow depth ranges and the
accumulation of depth errors, resulting in suboptimal recon-
struction results.

In this paper, we propose RRT-MVS, which employs a
Recurrent Regularization Transformer (RRT) for global cost
volume regularization. Considering the discontinuity of the
depth dimension in cascade-based MVS methods, we split
the 3D cost volume into 2D cost maps along the depth di-
mension, with each cost map corresponding to a depth hy-
pothesis plane. RRT combines convolutional attention and
self-attention mechanisms, effectively aggregating matching
cost information and filtering redundant feature correlations
in the cost volume. This is achieved through the collabo-
ration of three components, which separately regularize the
cost volume in the depth and spatial dimensions. Specifi-
cally, we propose a Recurrent Self-Attention (R-SA), which
uses self-attention to eliminate redundant feature correla-
tions within each depth hypothesis plane, and convolutional
attention to aggregate matching information within each cost
map, maintaining continuity in the depth dimension through
a recurrent mechanism. Due to the design of our recurrent
architecture, R-SA avoids cubic computational complexity.
To enhance the spatial 3D positional awareness of R-SA, we
employ a Positional Adapter (PA) to encode 3D positional
information onto 2D cost maps. Additionally, we introduce
Depth Residual Attention (DRA) to aggregate information
along the depth direction, effectively addressing the limita-
tions of the recurrent mechanism. Unlike existing cascade-
based MVS methods, our approach maintains independence
in the depth dimension during cost volume regularization.
We conducted extensive experiments to demonstrate the ef-
fectiveness and efficiency of RRT-MVS. As shown in Fig-
ure 1(a), compared with the current state-of-the-art method
GoMVS (Wu et al. 2024), RRT-MVS achieves the best per-
formance on the DTU (Aanes et al. 2016) dataset while re-
ducing GPU memory consumption by 72.17%. Additionally,
RRT-MVS also demonstrates strong generalization capabil-

3995

ity on the Tanks-and-Temples (Knapitsch et al. 2017) bench-
mark, as illustrated in Figure 1(b).
In summary, our contributions are as follows:

* We present RRT-MVS, the first multi-view stereo (MVS)
method to use Transformers for cost volume regulariza-
tion separately in both depth and spatial dimensions.

* We propose a novel Recurrent Regularization Trans-
former (RRT), which effectively addresses the is-
sue of depth discontinuities in cascade structures of
Transformer-based cost volume regularization methods.

* RRT can serve as a plug-in to enhance the performance
of cascade-based MVS methods.

* RRT-MVS achieves state-of-the-art performance on both
the DTU dataset and the Tanks-and-Temples benchmark.

Related Works
Learning-based MVS

With the rapid development of deep learning techniques,
learning-based Multi-View Stereo (MVS) methods have
shown more promising results. MVSNet (Yao et al. 2018)
introduced an end-to-end deep learning architecture for
modeling MVS tasks. However, it requires the use of 3D
CNN for cost volume regularization, which demands a large
amount of GPU memory, limiting its application in high-
resolution scenarios. To address this issue, alternative MVS
structures have been developed. On one hand, RNN-based
MVS methods (Yao et al. 2019; Wang et al. 2022a; Wang,
Li, and Dai 2022; Yan et al. 2023; Cai et al. 2023) use
GRU and 2D CNNs iteratively regularize the cost volume,
reducing GPU memory consumption but increasing compu-
tational complexity. On the other hand, cascade-based MVS
methods (Gu et al. 2020; Cheng et al. 2020; Yang et al.
2020) follow a coarse-to-fine strategy for cost volume regu-
larization, resulting in more accurate depth map predictions
while maintaining efficiency. Cascade-based MVS methods
have been widely embraced in subsequent variants (Peng
et al. 2022; Su and Tao 2023; Ye et al. 2023). Moreover,
patchmatch concepts (Wang et al. 2021; Li et al. 2024), vis-
ibility information (Xu et al. 2022b; Zhang et al. 2023a),
uncertainty estimation (Su, Xu, and Tao 2022), geometry
priors (Zhang et al. 2023b; Jiang et al. 2024), innovative
depth sampling strategies (Wang et al. 2022b; Mi, Di, and
Xu 2022), signed distance function technology (Zhang, Zhu,
and Lin 2023), and attention mechanism (Ding et al. 2022)
have also been integrated into the MVS field to predict more
accurate depth maps.
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Figure 3: Pipeline of RRT-MVS, which predicted depth maps in a coarse-to-fine manner. RRT-MVS combined the proposed
Recurrent Regularization Transformer (RRT) with the standard 3D CNN for cost volume regularization.

Cost Volume Regularization in MVS

Cost volume regularization plays a crucial role in learning-
based Multi-View Stereo (MVS) pipelines, which aims
to filter redundant matching information in cost volume.
Cascade-based MVS methods often employ 3D CNNs for
cost volume regularization. To enhance regularization per-
formance, recent approaches such as PatchmatchNet (Wang
et al. 2021) have integrated deformable convolutions (Dai
et al. 2017) to facilitate spatial matching cost aggregation,
while NP-CVP-MVSNet (Yang, Alvarez, and Liu 2022) has
utilized sparse convolutions to consolidate matching costs
within individual volumes. Despite their advantages, CNN-
based methods are limited to processing only local informa-
tion. GoMVS (Wu et al. 2024) leverages surface normals to
address local geometrical inconsistencies, though at a high
GPU memory cost. The advent of Transformers (Vaswani
et al. 2017), known for their robust global representation ca-
pabilities, has brought about a significant shift in the cost
volume regularization process. For instance, WT-MVSNet
(Liao et al. 2022) proposed a cost Transformer for global
feature aggregation, while CostFormer (Chen et al. 2023)
aggregate long-range features within the cost volume. MV S-
Former++ (Cao, Ren, and Fu 2024) utilizes a pure Trans-
former architecture for cost volume regularization. Exist-
ing Transformer-based cost volume regularization methods
handle the depth and spatial dimensions together to achieve
global sequence processing through Transformers, as shown
in Figure 2. However, the depth dimension does not exhibit
the same continuity as the spatial dimension, which is par-
ticularly evident at object boundaries and in the background,
potentially leading to suboptimal results.

Methodology
Overview
Given N input images {L;}~ ;' € R¥>*#*W consisting of
a reference image and N — 1 source images, along with
the camera intrinsic parameter matrix {Ki}i]\i_ol, and the
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associated rotation matrix Ry ; and translation vector g ;,
where H and W denote the height and width of the input
images. The proposed RRT-MVS pipeline is illustrated in
Figure 3. Initially, a 4-layer feature pyramid network (Kim
et al. 2018) is employed to extract multi-scale feature maps
{Fi}iligl € REXTX3T from all input images for depth
map estimation in a coarse-to-fine manner, where ! denotes
the feature layer number and C' denotes the feature chan-
nels. Subsequently, a cost volume is constructed based on
the feature maps, camera parameters, and depth hypotheses
{di}i’igl, where D denotes the number of depth hypotheses.
The next step involves utilizing the Recurrent Regularization
Transformer (RRT) and 3D CNN to regularize the cost vol-
ume, resulting in the regularized cost volumes P; and P..
These volumes are then concatenated, and a 2D convolution
layer followed by a softmax operation is applied to obtain
the final probability volume P. Finally, we use the winner-
takes-all strategy to predict the depth map D from P:

D = argmax P (d).
defdi} !

(D

Cost Volume Construction

To construct the cost volume, we warp the source-view im-
ages to multiple hypothesis planes parallel to the reference
view based on the number of depth hypotheses. Each depth
hypothesis has one hypothesis plane. For each depth hypoth-
esis d;, we calculate the corresponding pixel p; on the depth
hypothesis plane for the pixel p; of the source view.

K; [Ro, (Kg'pids) + to] ,

= 2)
where K; denote the intrinsic parameter matrix, Ry ; and
to,; denote the rotation matrix and translation vector from
the ith source view to the reference view. Following previ-
ous work (Guo et al. 2019; Xu and Tao 2020a), feature maps
are partitioned into G groups at each feature layer along the
channel dimension, assigning C/G channels to each group.

Di
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Figure 4: The detailed structure of the proposed Recurrent Regularization Transformer (RRT) consists of three parts: (a) Recur-
rent Self-Attention (R-SA), (b) Depth Residual Attention (DRA), and (c) Positional Adapter (PA).

The pair-wise group feature correlation between the refer-
ence feature volume F and the ith source feature volume
Y =

f‘f is defined as:
1= G (PLEY).

where (-,-) denotes the inner product. We then calculate

parameter-free attention weights {Wz}f\;l (Wang et al.

2022c¢) for each correlation. The final cost volume V €
RGXDX o X

G
3

e is then constructed as follows:
ZN 1 W Sg

V= ZN IW

)

Recurrent Regularization Transformer (RRT)

The constructed cost volume is inevitably affected by in-
correct matches, resulting in noisy estimated depth maps.
A typical approach is to use 3D CNNs for regularization
to filter out the noise. However, CNN-based regularization
methods are limited by the size of their receptive fields,
which prevents them from globally perceiving the cost vol-
ume. To address this, we propose the Recurrent Regulariza-
tion Transformer to perform global regularization along the
depth dimension, as shown in Figure 4. In practice, we use a
non-overlapping patch-wise convolution layer to downsam-
ple the cost volume at each stage to the same shape of (M,
D, O ) where M denotes intermediate feature channels.
Notably, we maintain depth dimension to keep each depth
hypothesis independent. After that, we propose the Recur-
rent Self-Attention (R-SA) to regularize the cost map at each
depth hypothesis plane, thereby aggregating cost matching
and filtering out redundant feature correlations caused by
incorrect matches. Then, we enhance connections between
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cost maps by applying Depth Residual Attention (DRA) be-
fore and after performing R-SA to aggregate depth correla-
tions. Additionally, we introduce a Position Adapter (PA) to
improve the 3D positional awareness of 2D cost maps.

Recurrent Self-Attention (R-SA) As shown in Figure 4
(a), we first decompose the cost volume along the depth
dimension into cost maps {Ci}i’;gl RM* % %5 where
each cost map corresponds to a complete depth hypothe-
sis {di}i’;gl. Then, we aggregate the matching information
within each cost map using channel attention and spatial at-
tention (Woo et al. 2018), and enhance the feature repre-
sentation through skip connections to obtain the enhanced
cost maps C;. We then apply window-based multi-head self-
attention (W-MSA) and shifted window-based multi-head
self-attention (SW MSA) (Liu et al. 2021) for global regu-

larization of C to obtain regularized cost map P The cost
map regularization process for the initial depth hypothesis
dy and subsequent hypotheses d; is formulated as follows:

Py = PM((SW-MSA(W-MSA(Cy))), (5)

P, = PM(SW-MSA(W-MSA(C; + PE(P;_1))), (6)

where PM denotes patch merging for downsampling, PE
means patch expanding for upsampling. For each regular-
ized cost map P;, we perform deconvolutions and apply skip
conr}\ections to restore the resolution. Then, we aggregate all
the P; into a regularized cost volume P, along the depth di-
mension, and use a non-overlapping patch-wise transposed
convolution layer to upsample the P; to the original size.

Depth Residual Attention (DRA) As illustrated in Figure
4(b), we designed a Depth Residual Attention (DRA) mod-
ule to maximizes the correlation between different depth hy-
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Figure 5: Qualitative comparison of predicted depth maps with state-of-the-art methods (Zhang et al. 2023b; Liu et al. 2023; Wu
et al. 2024) on scanl, scan49, and scan75 in the DTU test set. Our method predicts precise boundaries and clear background.

potheses. Initially, we extract cost matching information us-
ing a 3D convolution layer, then compute the maximum and
average values along the depth dimension and concatenate
them. Subsequently, a spatial convolution layer generates the
attention map, which is normalized using a sigmoid func-
tion. Finally, we apply residual connections to obtain the fi-
nal cost volume.

Positional Adapter (PA) To enhance the 3D perception
capability of 2D cost maps, we employ a lightweight posi-
tional adapter to encode 3D information into each cost map,
as illustrated in Figure 4(c). First, we calculate the Frusto-
conical Positional Encoding (FPE) (Cao, Ren, and Fu 2024)
based on the cost volume at each stage. FPE contains the
3D positional information of the scene. We downsample and
reshape FPE to (CD, %, %) to match the size of the 2D
cost maps. Then, we apply two simple 2D convolutions and
ReLU activation to construct the 2D positional feature, with
a shape of (M, %, %). Finally, we add the 2D positional
features to the regularization process of each cost map to

enhance the 3D positional awareness of the proposed R-SA.

Loss Function

We use cross entropy loss to supervise the probability vol-
ume for all stages.

D1
Loss= Y > ~G)(a)log [P™)(a)|, ()
a€{qu} i=0
where G(%)(q) and P(%)(q) denotes ground truth volume

and probability volume of depth hypotheses d; at pixel q.
{q, } denotes a set of valid ground truth pixels.

Experiments
Datasets and Metrics

Datasets DTU (Aanas et al. 2016) dataset includes 128
indoor scenes, each captured from 49 or 64 viewpoints un-
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der 7 different lighting conditions using a fixed camera tra-
jectory. As described in (Yao et al. 2018), the dataset is
divided into training, test, and validation sets, with a total
of 27,097 training samples. Tanks-and-Temples (Knapitsch
et al. 2017) dataset is an extensive collection of real-world
scenes divided into an intermediate subset and an advanced
subset. BlendedMVS (Yao et al. 2020) dataset is a large-
scale synthetic dataset with both indoor and outdoor scenes,
consisting of training and validation data.

Metrics We evaluate the accuracy (Acc.) and complete-
ness (Comp.) of the generated point clouds based on dis-
tance metrics on the DTU dataset (Aanas et al. 2016). The
overall metric refers to the average of the aforementioned
two. We also report the Mean Absolute Error (MAE) and
depth error ratios with distance thresholds of 2mm (es2),
4mm (e4), and 8mm (eg) to measure the precision of depth
maps. For the Tanks-and-Temples (Knapitsch et al. 2017)
benchmark, we report F-score represented in percentages.

Implementation Details

Training Our network was developed using PyTorch
(Paszke et al. 2019) and employed the Adam (Kingma
and Ba 2014) optimizer. Following standard procedures,
we initially trained our model on the DTU (Aanas et al.
2016) training set using 5-view images with a resolution of
512x640. We started with a learning rate of 0.001 for 10
epochs with a batch size of 2. Subsequently, we fine-tuned
the model on the BlendedMVS (Yao et al. 2020) dataset
using 11-view images with a resolution of 576x768. This
phase began with a learning rate of 0.001 for an additional
15 epochs with a batch size of 2. Our approach involved in-
verse depth sampling ranging from 425mm to 935mm, with
4 coarse-to-fine stages that incorporated both depth hypothe-
ses and group feature correlations of 8-8-4-4.

Evaluation We trained our model on the DTU training set
and evaluated its performance on the DTU test set using 5-



Methods Acc.] Comp.| Overall|
Gipumasccvaois 0.283 0.873 0.578
COLMAPcv PRr2016 0.400 0.664 0.532
UniMVSNetcv pr2022 0.352 0.278 0.315
TranSMVSNetcvazogg 0.321 0.289 0.305
MVSTEREccv2022 0.350 0.276 0.313
DispMVS 4 4 a12023 0.354 0.324 0.339
EPNetaaar2023 0.299 0.323 0.311
COSIFOI’IIleI’[JCAIQ()Qg 0.301 0.322 0.312
RA-MVSNetcv pr2023 0.326 0.268 0.297
GeoMVSNetcv pr2023 0.331 0.259 0.295
DMVSNet;occv2023 0.338 0.272 0.305
ET-MVSNet;ccva2023 0.329 0.253 0.291
MVSFOI‘IIICI‘TMLRQ()Qg 0.327 0.251 0.289
DS-PMNet a4 412024 0.323 0.257 0.290
GOMVSCVPRQ()24 0.347 0.227 0.287
RRT-MYVS (Ours) 0.309 0.261 0.285

Table 1: Quantitative results of reconstructed point clouds
on the DTU test set with distance metrics [mm].

Methods Overall, Mem.(MB)] Mem.(%)|
WT-MVSNet -0.013 +1204 +29.97
CostFormer -0.009 +370 +15.93
MVSFormer++ -0.003 +994 +20.00
GoMVS -0.028 +9114 +278.13
RRT-MYVS (Ours) -0.028 +266 +7.98

Table 2: Quantitative improvement of overall metric [mm]
and additional GPU memory (Mem.) for different cost vol-
ume regularization methods on the DTU test set.

view images with a resolution of 832x1152, which required
0.35s and 3.5GB of memory on a NVIDIA RTX 3090 GPU.
Subsequently, we fine-tuned the model on the BlendedMVS
dataset and assessed its generalization ability on the Tanks-
and-Temples (Knapitsch et al. 2017) benchmark.

Results on DTU

To assess the effectiveness of our method, we employed the
dynamic check strategy (Yan et al. 2020) for depth fusion
on the DTU (Aanas et al. 2016) test set. As shown in Ta-
ble 1, RRT-MVS achieved the highest overall score. As il-
lustrated in Figure 5, RRT-MVS predicts clear boundaries
(red bounding box) and backgrounds with less noise (orange
bounding box). This indicates that our method can effec-
tively perform global cost volume regularization for regions
with depth discontinuities. The qualitative point clouds com-
parison is shown in Figure 6.

Comparison with Other Regularization Methods We
also compare RRT with cost volume regularization methods
proposed in other MVS methods, including Transformer-
based methods: WT-MVSNet (Liao et al. 2022), CostFormer
(Chen et al. 2023), MVSFormer++ (Cao, Ren, and Fu 2024),
and the CNN-based method GoMVS (Wu et al. 2024). For
a fair comparison, we focus solely on the performance en-
hancements and additional GPU memory consumption at-
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GoMVS * RRT-MVS (Ours)
Figure 6: Qualitative comparison with the state-of-the-art
method (Wu et al. 2024) of reconstructed point clouds on
scan 29 from the DTU test set. Our method reconstructs
more accurate and complete details in the boundary regions.
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Figure 7: Qualitative comparisons of point clouds with top-2
published methods (Cao, Ren, and Fu 2024; Wu et al. 2024)
on the Tanks-and-Temples benchmark. Brighter areas indi-
cate smaller errors with distance threshold [mm].

tributed to the cost volume regularization methods as out-
lined in the original papers. As shown in Table 2, RRT-MVS
achieves at least a 2x improvement in overall performance
compared to existing Transformer-based cost volume regu-
larization methods, while reducing GPU memory consump-
tion. Furthermore, compared to the current best CNN-based
method, GoMVS(Wu et al. 2024), RRT-MVS reduces GPU
memory consumption by an impressive 97%.

Results on Tanks-and-Temples

To evaluate the generalization capability of our method in
complex environments, we employed a standard dynamic
check strategy for depth fusion on the Tanks-and-Temples
benchmark (Knapitsch et al. 2017). As presented in Table
3, our method achieved the highest mean F-score of 68.16
and 43.29 on the intermediate and the advanced subsets, re-
spectively. Notably, the Tanks-and-Temples dataset includes
outdoor scenes with intricate backgrounds, demonstrating
the effectiveness of our method in managing depth discon-
tinuities. Furthermore, as illustrated in Figure 7, RRT-MVS
exhibits superior precision and recall compared to existing
state-of-the-art methods.

Ablation Study

We conducted quantitative ablation experiments to validate
the effectiveness of the RRT-MVS design. All ablation ex-
periments were performed on the DTU (Aanzs et al. 2016)
dataset with same parameters, reconstructing point clouds
using the normal fusion strategy (Schonberger et al. 2016).



Methods Intermediate Subset{ Advanced Subset?

Mean | Fam. Fran. Hor. Lig. M60 Pan. Pla. Tra. {[Mean| Aud. Bal. Cou. Mus. Pal. Tem.
COLMAPcv pRr2016 42.14150.41 22.25 25.63 56.43 44.83 46.97 48.53 42.04|27.2416.02 25.23 34.70 41.51 18.05 27.94
ACMP 4 4 A12020 58.41(70.30 54.06 54.11 61.65 54.16 57.60 58.12 57.25|37.44|30.12 34.68 44.58 50.64 27.20 37.43
TransMVSNetcv pr2o22 | 63.52 [80.92 65.83 56.94 62.54 63.06 60.00 60.20 58.67 | 37.00 |24.84 44.59 34.77 46.49 34.69 36.62
UniMVSNetcv prao22 | 64.36 |81.20 66.43 53.11 63.46 66.09 64.84 62.23 57.53|38.96 |28.33 44.36 39.74 52.89 33.80 34.63
MVSTEREccv2022 60.92 | 80.21 63.51 52.30 61.38 61.47 58.16 58.98 51.38|37.53 [26.68 42.14 35.65 49.37 32.16 39.19
DispMVS 4 4412023 59.07 | 74.73 60.67 54.13 59.58 58.02 53.39 58.63 53.42|34.90|26.09 38.01 33.19 44.90 28.49 38.75
EPNetaaar2023 63.68 |77.78 59.61 58.87 66.17 65.58 63.53 60.34 57.56|40.52 |30.24 45.52 40.83 53.51 32.57 40.43
CostFormers jc Ar2023 64.51 |81.31 65.65 55.57 63.46 66.24 65.39 61.27 57.30|39.43 |29.18 45.21 39.88 53.38 34.07 34.87
RA-MVSNetcv prao23 | 65.72|82.44 66.61 58.40 64.78 67.14 65.60 62.74 58.08|39.93 [29.14 46.04 40.30 53.22 34.63 36.28
GeoMVSNetcv pr2o2s | 65.89 |81.64 67.53 55.78 68.02 65.49 67.19 63.27 58.22|41.52|30.23 46.54 39.98 53.05 35.98 43.34
DMVSNetrccov2023 64.66 | 81.27 67.54 59.10 63.12 64.64 64.80 59.83 56.97|41.17 [30.08 46.10 40.65 53.53 35.08 41.60
ET-MVSNetrccvaoes | 65.49 |81.65 68.79 59.46 65.72 64.22 64.03 61.23 58.79|40.41 |28.86 45.18 38.66 51.10 35.39 43.23
SD-MVS 44412024 63.31|75.37 63.37 61.53 65.71 62.30 62.37 59.27 56.58|40.18 [31.17 44.26 39.41 51.96 32.66 41.64
DS-PMNet 4 aar2024 64.16 [81.11 63.43 60.84 62.23 64.96 61.92 61.41 57.35|39.78 |28.52 44.93 39.12 51.68 33.77 40.67
MVSFormer++rcr r2024 | 67.18 | 82.69 69.44 64.24 69.16 64.13 66.43 61.19 60.12|41.60 [29.93 45.69 39.46 53.58 35.56 45.39
GoMVScv pr2024 66.44 | 82.68 69.23 69.19 63.56 65.13 62.10 58.81 60.80 | 43.07 |35.52 47.15 42.52 52.08 36.34 44.82
RRT-MVS (Ours) 68.16 [ 82.54 72.31 61.44 69.89 65.32 68.88 64.45 60.48|43.29 |30.95 46.42 41.13 55.46 37.63 48.12

Table 3: Quantitative results on the Tanks-and-Temples benchmark with F-score [%]. Bold figures represent the best and un-
derline figures represent the second best, respectively. The mean refers the average F-score of all scenes.

Settings

" Acc Comp.] Overalll MAE]
R-SA DRA PA
0351 0.284 0.318 6.64
v 0.325 0.272 0.299 6.35
v v 0319 0.284 0.302 5.71
v v 0320 0.270 0.295 5.60
v v v 0320  0.260 0.290 5.24

Table 4: Ablation study of each component on RRT.

Modules Overall, MAE] eal eqd esl
3D CNN 0.318 6.64 20.60 13.36  9.00
RRT 0.311 5.28 1629 936 6.05
Combination 0.290 5.24 16.12 952 6.21

Table 5: Ablation study of combining RRT and 3D CNN.

Effectiveness of each component in RRT We conducted
experiment on RRT to verify the effectiveness of each com-
ponent. As detailed in Table 4, incorporating R-SA signifi-
cantly improved model performance. While DRA alone en-
hanced the depth map quality, the addition of PA further
refined the point cloud quality. This highlights the comple-
mentary roles of DRA and PA in enhancing depth and spatial
dimensions. Ultimately, the integration of all three compo-
nents resulted in state-of-the-art performance.

Effectiveness of combining RRT with 3D CNN We also
examined the necessity of integrating RRT with 3D CNNss.
As shown in Table 5, RRT significantly improved the depth
map quality compared to using the 3D CNN alone, although
the enhancement in point cloud quality was less pronounced.
This limitation is due to RRT’s lack of local detail under-
standing. Ultimately, the combined RRT-MVS, which inte-
grates RRT with 3D CNN, demonstrated improvements in

4000

Methods Acc.] Comp.| Overall]
CasMVSNet 0.325 0.385 0.355
CasMVSNet+RRT  0.346 0.306 0.326
MVSTER 0.350 0.276 0.313
MVSTER+RRT 0.352 0.250 0.301

Table 6: Compatibility study of RRT as a plug-in.

both depth map and point cloud quality.

Effectiveness of RRT as a Plug-in The proposed Recur-
rent Regularization Transformer (RRT) can be used as a
plug-in to enhance cascade-based MVS methods. We vali-
dated this by incorporating RRT into the classic three-stage
CasMVSNet (Gu et al. 2020) and the four-stage MVSTER
(Wang et al. 2022c) backbone networks, ensuring consis-
tency with their original settings. RRT was combined with
the original 3D CNNs for cost volume regularization. The
experimental results, presented in Table 6, indicate perfor-
mance improvements in both architectures, demonstrating
the effectiveness of RRT as a plug-in module.

Conclusion

In this paper, we present a novel Recurrent Regularization
Transformer (RRT) for global cost volume regularization
in Multi-View Stereo (MVS). Specifically, we introduce re-
current self-attention for cost map regularization, enhance
depth correlations through depth residual attention, and uti-
lize a positional adapter to improve the 3D positional aware-
ness of 2D cost maps. We integrate RRT into the base-
line network to construct RRT-MVS. Experimental results
demonstrate that RRT-MVS achieves state-of-the-art perfor-
mance on multiple MVS datasets. Additionally, RRT can
serve as a plug-in for MVS networks, significantly outper-
forming other cost volume regularization methods.
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