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Abstract

This paper introduces a learnable Deformable Hypothesis
Sampler (DeformSampler) to address the challenging issue of
noisy depth estimation for accurate PatchMatch Multi-View
Stereo (MVS). We observe that the heuristic depth hypothe-
sis sampling modes employed by PatchMatch MVS solvers
are insensitive to (i) the piece-wise smooth distribution of
depths across the object surface, and (ii) the implicit multi-
modal distribution of depth prediction probabilities along the
ray direction on the surface points. Accordingly, we develop
DeformSampler to learn distribution-sensitive sample spaces
to (i) propagate depths consistent with the scene’s geome-
try across the object surface, and (ii) fit a Laplace Mixture
model that approaches the point-wise probabilities distribu-
tion of the actual depths along the ray direction. We integrate
DeformSampler into a learnable PatchMatch MVS system to
enhance depth estimation in challenging areas, such as piece-
wise discontinuous surface boundaries and weakly-textured
regions. Experimental results on DTU and Tanks & Temples
datasets demonstrate its superior performance and general-
ization capabilities compared to state-of-the-art competitors.
Code is available at https://github.com/Geo-Tell/DS-PMNet.

Introduction

Multi-View Stereo (MVS) aims to reconstruct dense 3D
scene geometry from image sequences with known cameras,
which has been widely used in robot perception, 3D recon-
struction, and virtual reality. MVS is typically treated as a
dense correspondence search problem (Galliani, Lasinger,
and Schindler 2015), but many traditional methods have dif-
ficulty in achieving reliable matching within the low-texture,
specular, and reflective regions. Learning-based MVS has
recently attracted interest in solving this problem by in-
troducing global semantic information for robust matching
(Yao et al. 2018; Zhang et al. 2023b). Although achieve-
ments have been made, they still face the challenge of bridg-
ing the gap between accuracy and efficiency.
Learning-based methods commonly involve building a 3D
cost volume, followed by a regularization using the 3D CNN
for depth regression (Yao et al. 2018). Consequently, the
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3D forms of both cost volume and CNN are undoubtedly
restricted by limited resources. To overcome these limita-
tions, many efforts have been made to reduce the cost vol-
ume size (Gu et al. 2020; Cheng et al. 2020) and modify
the regularization techniques (Yao et al. 2019; Yan et al.
2020). Recently, a promising solution has emerged, which
forgoes the common learning paradigm and re-evolves the
traditional PatchMatch MVS into an end-to-end framework,
like PatchMatchNet (Wang et al. 2021) and PatchMatch-RL
(Lee et al. 2021). These methods follow the idea of patch-
based searching and achieve improved results in efficiency
and quality. However, we observe that they only transform
the traditional pipeline into a trainable one, without ade-
quately considering the implicit depth distribution within
scenes for guiding depth hypothesis sampling during depth
propagation and perturbation. This flaw directly degenerates
the depth estimation performance, as shown in Figurel(d).
Although PatchMatchNet introduces variability to sampling
with CNNs, it remains insensitive to the underlying depth
distribution. This will hamper the sampling of optimal hy-
potheses, thereby imposing additional burden on the sub-
sequent learning modules. Therefore, our study raises two
crucial questions for hypothesis sampling: (i) What implicit
depth distributions should be learned? (ii) How the learned
distribution be leveraged to guide hypothesis sampling?

At the propagation stage, hypotheses of neighboring pix-
els are sampled to generate a collection for enhancing each
pixel’s hypothesis space. An implicit piece-wise smooth
depth distribution is contained in the depth map due to the
scene regularity in the real world. In other words, the depth
distribution tends to be smooth within coherent surfaces but
can have abrupt shifts between distinct objects or scene el-
ements. However, a preset sampling template is vulnerable
when dealing with this implicit distribution (Lee et al. 2021;
Duggal et al. 2019). This unreasonable hypothesis sampling
results in a lot of noises with significant hypothesis differ-
ences in the collection, thereby causing unstable hypothesis
evaluation, as revealed by Figure 1(b). Thus, a well-designed
sampling scheme is required to select hypotheses from pix-
els that align more closely with the object’s surface.

At the perturbation stage, fine-grained hypotheses over
the scene depth range are expected to be sampled for refin-
ing the previously estimated depths. The optimization at this
stage has received little attention in recent works. Gipuma
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Figure 1: (a) A camera model is used to understand the hypothesis sampling from the 3D viewpoint. (b) Comparisons between
different sampling schemes. The unreasonable sampling template often results in sampling hypotheses from plausible neigh-
boring pixels during propagation. Pixels that appear to be closely adjacent in the image might correspond to significantly distant
3D points in space, and these 3D points could even belong to different objects, like the black and green points in the left sub-
figure. (c) An example of the multi-model distribution of depth prediction probabilities illustrates a multi-peak case regarding
the minimum cost (or maximum matching probability). (d) Qualitative comparison of depth estimation on the courtroom and
playground scenes of the Tanks & Temples dataset, respectively. From top to bottom: PathchMatchNet (Wang et al. 2021),

PatchMatch-RL (Lee et al. 2021) and our DS-PMNet.

(Galliani, Lasinger, and Schindler 2015) employs a bisection
strategy to refine sampling, while COLMAP (Schonberger
et al. 2016) combines randomly perturbed samples with pre-
vious results in various ways. These methods lack the con-
sideration of the uncertainty inherent in previous estimates,
leading to redundant and coarse sampling. In this work,
we intend to utilize this uncertainty to adaptively adjust
the range of perturbations, rather than uniformly sampling
for each pixel. In other words, for pixels with high con-
fidence, the sampling should focus on hypotheses closely
distributed around the previous estimates. Conversely, the
sampling should encompass more dispersed hypotheses for
pixels with significant uncertainty to provide a higher like-
lihood for correcting the estimates. In fact, we find that the
cost distribution induced by previous sampling hypotheses
offers a good representation of the uncertainty. However,
due to the influence of varying imaging conditions, such as
lighting, viewpoint, and other factors, this distribution often
possesses multi-modal characteristics, as illustrated in Fig-
ure 1(c). This means that there is not a single distinct peak
representing the lowest cost, which leads to even the true
hypothesis failing to derive the lowest cost.

Based on the discussion above, we develop a learnable
Deformable Hypothesis Sampler (DeformSampler) to learn
the implicit depth distributions to guide reliable sampling
in the learning-based PatchMatch framework. DeformSam-
pler supports each pixel to sample optimal hypotheses at
the stages of propagation and perturbation. Two modules
are designed to drive this sampler: a plane indicator and a
probabilistic matcher. The plane indicator encodes the intra-
view feature consistency to learn the implicit depth distri-
bution across the object surface. Using a Laplace Mixture
model, the probabilistic matcher models multi-model distri-
bution of depth prediction probabilities along the ray direc-
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tion. By integrating this sampler into a learning-based Patch-

Match framework, we can achieve excellent depth estima-

tion performance, especially in the challenging piece-wise

discontinuous surface boundaries and weakly-textured re-

gions. Our method also shows strong generalization ability

in both outdoor and indoor scenes, as shown in Figure 1(d).
In summary, our contributions are as follows:

* We develop a learnable PatchMatch-based MV S network
(DS-PMNet) embedded with DeformSampler to learn
implicit depth distribution for guiding the deformable hy-
pothesis sampling.

* A plane indicator is designed to capture piece-wise
smooth depth distribution for structure-aware depth
propagation.

* A probability matcher is designed to model the multi-
modal distribution of depth prediction probabilities for
uncertainty-aware perturbation.

Related Works
Traditional MVS

Traditional MVS methods mainly rely on 3D representa-
tions, such as voxel, level-set, polygon mesh, and depth
map (Seitz et al. 2006) for dense scene geometry recon-
struction. Among them, the depth map-based methods usu-
ally gain more robust performance for large-scale dense
3D scene recovery by treating MVS as a dense correspon-
dence search problem. In this line of research, PatchMatch
MYVS is a milestone, which replaces the costly dense point-
based search with efficient patch-based search via a ran-
dom and iterative strategy. Later, the propagation scheme
of PatchMatch MVS was optimized for higher efficiency in
some works, like Gipuma (Galliani, Lasinger, and Schindler
2015) and COLAMP (Schonberger et al. 2016) .
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Recently, some methods have promoted the performance
of PatchMatch MVS in terms of propagation and evaluation
for accurate depth estimation. For propagation, ACMH (Xu
and Tao 2019) adopted an Adaptive Checkerboard Sampling
scheme to prioritize good hypotheses. HPM-MVS (Ren
et al. 2023) enlarged the local propagation region by in-
troducing a Non-local Extensible Sampling Pattern. While
these methods provide sensitivity to scene region informa-
tion, they still have difficulty explicitly capturing such de-
tails. To improve hypothesis evaluation in weakly-textured
regions, approaches such as utilizing multiscale evaluation
strategies, incorporating planar priors (Xu et al. 2022; Xu
and Tao 2020a; Romanoni and Matteucci 2019), and em-
ploying deformable evaluation regions (Wang et al. 2023)
have been adopted. In this work, we develop the Deform-
Sampler to effectively impose awareness to scene structures
and learn the implicit depth distribution from the current
viewpoint for improved hypothesis propagation.

Learning-based MVS

While traditional solutions perform well in ideal Lamber-
tian scenes, learning-based methods offer better semantic in-
sight and stronger robustness in challenging scenarios. Most
learning-based methods were built on MVSNet’s founda-
tion. They use warped multi-view features to create cost
volumes and adopt 3D CNNs for regularization. Finally, the
depths are predicted via regression. Recent works aim to en-
hance the quality of 3D cost volumes, reduce their size, and
refine regularization techniques. To improve quality, tech-
niques like attention mechanisms (Lee, Zou, and Hoiem
2022; Zhu et al. 2021; Cao, Ren, and Fu 2022), epipolar-
assembling kernels (Ma et al. 2021), and pixel-wise visi-
bility computation modules (Zhang et al. 2023a; Xu and
Tao 2020b) were utilized. For computational efficiency, a
common approach is to utilize a coarse-to-fine strategy (Gu
et al. 2020; Yang et al. 2020), which involves a multi-stage
hypothesis sampling. Some variants, like UCS-Net (Cheng
et al. 2020) and IS-MVSNet (Wang et al. 2022), adaptively
adjust sampling by incorporating uncertainty from depth es-
timation in earlier stages. For regularization, several stud-
ies adopted hybrid 3D U-Net (Luo et al. 2019; Sormann
et al. 2020), RNN-CNN (Wei et al. 2021). In our work, the
probabilistic matcher within the DeformSampler employs
the same coarse-to-fine strategy but utilizes a more power-
ful modeling approach to capture the implicit multi-modal
distribution of depth prediction probabilities, guiding fine-
grained sampling.

Learning-based PatchMatch MVS

Recent advancements have integrated the idea of Patch-
Match MVS into end-to-end training frameworks, such as
PatchMatchNet (Wang et al. 2021) and PatchMatch-RL (Lee
et al. 2021), which have partially bridged the gap between
quality and efficiency for learning-based MVS. PatchMatch-
Net incorporated adaptive propagation and evaluation strate-
gies to achieve efficient depth estimation. PatchMatch-RL
argued that traditional methods perform better than learning-
based MVS in wide-baseline scenes due to their joint opti-
mization over pixel-wise depth, normals, and visibility esti-
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mates. In their follow-up work (Lee, Zou, and Hoiem 2022),
they further considered the optimization over many high-
resolution views and the usage of geometric consistency
constraints. Our learnable DS-PMNet is also built upon the
PatchMatch MVS but addresses the unreasonable hypothe-
sis sampling issue. The core module, DeformSampler, pro-
vides more reliable guidance for propagation and perturba-
tion, leading to a significant performance improvement.

Method

Figure 2 shows the entire pipeline of our method. In the fol-
lowing subsections, we first provide an overview of the end-
to-end learnable PatchMatch MVS embedded with the De-
formSampler (DS-PMNet). Then, we discuss how the two
modules (the Plane Indicator Py and Probability Matcher
M) learn the implicit depth distribution to drive the sam-
pler for implementing deformable depth sampling.

Overview

In the PatchMatch MVS paradigm, each image is sequen-
tially used as a reference image I”, while the remaining im-

ages serve as source images {If}f\;l to assist in estimat-
ing the depth map of I”. The estimation process involves
stages of initialization, propagation, evaluation, and pertur-
bation, with the latter three stages iterating multiple times.
In this work, we perform optimization at four different fea-
ture scales, with only one iteration per scale. The detailed
DS-PMNet framework is presented in Algorithm 1 of the
supplementary material.

We first extract a feature pyramid ¥ = {,}+_, for each
input image to capture the low-level details and high-level
contextual information denoted as follows,

(o} Aviti = Fo (I, I°), (1)

where Fy is an encoder, and ¢ € {1, ..., L} is the indices for
the multi-scale features. In this work, the feature pyramid is
constructed with four scales, denoted as L = 4, correspond-
ing to 1/8, 1/4, 1/2, and 1 of the original image size. To avoid
confusion, we only describe four stages of one iteration in
the following content, i.e., the subscript ¢ is discarded.

In stage I, we randomly initialize a depth map D° for I”.
The known depth range is first divided into m intervals in
the inverse depth space. Then, we randomly sample a depth
candidate for each pixel at each interval. This means that
each pixel is assigned with m candidates {d; };.n:ol, which
ensures that true hypotheses can be propagated quickly un-
der a limited number of iterations.

In stage II, the plane indicator Py guides the structure-
aware hypothesis propagation by capturing implicit piece-
wise smooth depth distribution of the object’s surface. Py
encodes the intra-view feature consistency to estimate a
plane flow field F for I". For each pixel, F provides m;
neighboring coplanar points to sample hypotheses, resulting
in a reliable hypothesis collection {d; }"%,"™".

In stage III, the probabilistic matcher M, enhances the
evaluation of depth candidates in {d; };’i’f’ ™ by modeling
implicit multi-modal distribution of depth prediction proba-
bilities, and outputs the prediction uncertainty to guide the
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Figure 2: An overview of the proposed DS-PMNet, which is built upon the PatchMatch framework with the DeformSampler
embedded to achieve a deformable hypothesis sampling. DeformSampler learns implicit depth distribution using Plane Indicator
Py and Probability Matcher M. The purple double sided arrow line indicates that My belongs to evaluation.

subsequent perturbation. My first generates a multi-view
cost volume S = {S;} X", where each element S; encodes
a matching cost introduced by the depth-induced homogra-
phy matrix set {H; };n:‘);r " between " and ¢f. Then, for
each pixel in I", the parameter set of Laplace Mixture dis-

tribution {wi}ili_ll is decoded from S to predict depth map
D and the corresponding uncertainty map setif = {UZ}ZJ\S1
In stage IV, the inferred Laplace Mixture distribution is
used to guide the uncertainty-aware perturbation, and a fine-
grained hypothesis collection {d; }7* is sampled. Then, this
collection is further input into stage I, and mg < ma.

Plane Indicator for Deformable Propagation

The plane indicator Py encodes the self-similarity of fea-
tures within the reference view to learn the relationship be-
tween scene structure and depth under the whole Patch-
Match solver, thereby decoding a plane flow field F €
RIXWX2M that represents the planar regions of the scene.
This field contains M offset maps, where each element in the
offset map represents the directional displacement between a
location and its neighboring points in the same scene plane.
Examples of offset maps are shown in Figure 3(a). Utiliz-
ing this F, each pixel is guided to sample reliable depth hy-
potheses from mj(m; < M) neighboring points, as shown
in Figure 3(b). In general, our Py consists of two compo-
nents: an intra-view correlation pyramid C = {Cg}fz_ll and
a plane flow decoder Dy in Figure 4.

Intra-view Correlation Pyramid Construction FEach C,
is generated by calculating the dot product between every
pixel in the ¢4, feature map and all the pixels within its des-
ignated neighborhood. The search radius R; determines the
neighborhood range. Specifically, given the feature map ¢j,
each element c¢(p, ) in C, € RHEXWexT jg defined as
1
ce(p,n) = N (elpls eilp +n), Inlloe < Ry, ()

where hy represents the channel number of /4, feature map,
p € R?is a coordinate on the feature image and 7 is
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the offset from this location. The offset is constrained to
1]l < Ri. The symbol [-] is used to extract the features
at a specific coordinate from the feature map. Each level’s
search radius R; remains fixed. Therefore, the radius cov-
ers the largest feature map area at the top level, gradually
reducing with each subsequent level.

Plane Flow Decoder This decoder Dy is designed to infer
a plane flow field 7, € R7exWex2M prooressively from the
pyramid, which achieves a refined field F at last. Inspired by
(Melekhov et al. 2019), the decoder incorporates four Conv-
BN-LeayReLU (CBL) blocks and one predictor, as shown
in Figure 4. Dense connections are added among the four
blocks to enhance information exchange. Here, a slight ad-
justment is made in the predictor when inputting elements
from different pyramid levels. At level ¢ = 1, the predic-
tor gives a coarse plane flow field F; € R xWix2M Ay
subsequent levels, the predictor generates a residual Fi €

==

‘. _; N ‘ . 1
j-’ | o "" i“
-

T de T

(a) Two offset map examples of the plane flow field

(b) Sampling examples (c) Score map
Figure 3: Visualization of the inferred plane flow field F.
(a) The offset map is visualized in the form of optical flow,
where colors indicate neighboring point directions relative
to the current pixel, while color intensity represents off-
set magnitude. (b) Examples of deformable sampling in the
weak texture and object boundary regions. (c) The scene-
aligned distribution scoring for the plane flow field.
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Figure 4: Illustration of the plane indicator Py. Element in
each level of the pyramid is sequentially fed into the plane
flow decoder to iteratively refine the plane flow field F.

RHxWex2 t refine the coarse field further, i.e.,
Felol=v-F b+ 7 v Flpl+peiu], O

where p € R? is the coordinate on the field, 7 is the up-
sampling factor, 1, is a 1 x M identity matrix. The symbols
1, [-], and ® represent the up-sampling, fetch operation, and
Kronecker product operation, respectively.

Probabilistic Matcher for Deformable Perturbation

The probability matcher My is designed to model the multi-
modal distribution of the depth prediction probabilities for
guiding the fine-grained sampling during perturbation. We
adopt a Laplace Mixture model containing two components
(K = 2) to tackle this multi-peak issue, i.e.,

e%‘yfl"l + s 1

ez,/*§|y*l‘|7 (4)
20’2

p () = an —5—

\/§J 1
where ¢ = {u, a1, s, 01,02} is the distribution parameter
set to be estimated, a; + a2 = 1, y is the specific depth
hypothesis. The mean p of both components is set to be
the same to ensure only one peak exists. Additionally, we
achieve this by setting o1 as a constant for the former to rep-
resent the most accurate depth prediction and imposing the
constraint oo > o1 > 0 for the latter to model larger errors.
Figure 5 visualizes an example of pixel-wise distribution pa-
rameters.

(d) Weight map e, '

(c) Weight map a,

Figure 5: Visualization of pixel-wise distribution parame-
ters. Brighter colors indicate larger values. Object edge re-
gions exhibit higher uncertainty, i.e., higher os.
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Figure 6: Illustration of the proposed probabilistic matcher
M. Only a single level of structure is displayed here.

Probabilistic Matcher Matcher My takes the inter-view
cost pyramid as input, where each level of the pyramid con-
tains a multi-view cost volume § = {S;})," introduced
by the source images. For each level of the pyramid, the

matcher predicts the distribution parameter set {%}?:11 for
each pixel in the reference image, representing the match-
ing uncertainty between the reference and different source
images. The detailed structure can be seen in Figure 6. This
matcher contains two branches. In the first branch, S is en-

coded into an uncertainty embedding, which is then decoded
into {0}, o, aé}ﬁ\;l for each pixel. According to the in-
ferred parameters, an uncertainty map set U/ = {Ul}f\i_l1
between the reference and source images can be obtained by
computing depth prediction probabilities on each pixel, i.e.,
ui =P (ly — pl < Ra),
vatz?
72 ] )

2 _
u; = o [1 — eiﬂm] + al [1 —e

where u; is an element of a specific coordinate on U;, Ro
is the hyper-parameter determining the acceptable deviation
between ground truth and predicted depth map p. Utiliz-
ing those visibility maps {Ui}ij\:ll, an unified cost volume
can be obtained by integrating Zfi_ll U;S;. In the second
branch, a 3D CNN-based regularizer is adopted to process
the unified cost volume to estimate a weighted depth map
D() with the sampled depth hypotheses. More details can
be seen in the supplementary.

Probabilistic Perturbation o5 is adopted to guide hy-
pothesis sampling because it represents high matching un-
certainty. We first integrate the variances from different
views into a unified value E (09) = S0 " w;0%. Then, a
sampling space is defined as [ + e F (03)] for each pixel,
where € is the hyper-parameter. Then, we divide this range
into me bins, each containing an equal portion of probabil-
ity mass. This ensures that pixels with low uncertainty sam-
ple candidates are closer to p while pixels with high uncer-
tainty sample more dispersed candidates to rectify p. Subse-
quently, we sample the midpoint of each bin as a potential
depth candidate. Thus, j;;, depth candidate is defined as

1 j—1 - * j -~ P*
2[@( -~ P+2)+<I><WP+2>}, (6)

where @ (-) is used to transform the cumulative probabil-
ity into coordinates of the Laplace distribution, my is the

dj =
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number of bins, P is the probability mass covered by range

[+ eE (02)], P* =1—P.
Loss Function
We first compute the 1oss Laeprn, = Zle |D9* — Dy || be-

tween all predicted depth maps {Dg}ZL:1 and ground truth
DY, Then, a negative log-likelihood loss L1, is adopted
to supervise the fitted mixed Laplace distribution, i.e.,

L N-1

1
Lyrr = “N_1 Z Z log p (D% |1);) -

(=1 i=1

)

Thus, the total loss Lyotq; is defined as Liotar = A Ldepth +
Ao LN, where A1, Ao are the weight factors.

Experiments
Implementation Setup

Training and Testing Following the previous works like
TransMVSNet (Ding et al. 2022), we initially train our DS-
PMNet on the DTU dataset (Jensen et al. 2014) for DTU
evaluation. Then, we fine-tune the model on the Blended-
MVS dataset (Yao et al. 2020), and test it on the Tanks and
Temples benchmark (Knapitsch et al. 2017). For training,
we use 6 DTU images cropped to 512x640 as input in each
batch. Our model is trained for 16 epochs with Adam op-
timizer, starting with a learning rate of 0.001, reduced by
0.2 at epochs 5, 9, and 13. To stabilize training against ini-
tial errors from random depth hypotheses, we set the ini-
tial learning rate of the probability matcher My to 1075, As
for Fine-tuning on BlendedMVS, our model undergoes 10
epochs with an initial learning rate of 0.0002, using 6 input
images at a resolution of 576 x 768. The batch size is set to
two on NVIDIA RTX 3090 for DTU and one for Blended-
MVS.

When assessing the DTU, we use 6 input images at
1152x1600 resolution (N=6). For the Tanks and Temples
dataset, N is set to 8, with images at 1024x1920 resolution.
We report the results in terms of the accuracy (Acc.), com-
pleteness (Comp.), and overall metrics for DTU dataset and
evaluate the performance of precision (Pre.), recall (Rec.),
and F-score (F7) for Tanks and Temples benchmark.

UniMVSNet PatchMatchNet DS-PMNet (Ours)

Figure 7: Qualitative results on DTU testing set. Our model
stands out on the edges and thin structures of the depth map,
as highlighted by the red box.
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Methods Acc.| Comp.] Overall |
s | Gipumaycevaors 0.283 0.873 0.578
& | COLMAP cypra0is 0.400 0.664 0.532
MVSNetgcevaors 0.396 0.527 0.462
R-MVSNetcypraoro 0.383 0.452 0.417
Point-MVSNet;ccyze | 0.342 0411 0.376
CasMVSNetcypraozo 0.325 0.385 0.355
CVP-MVSNetcypraoz 0.296 0.406 0.351
UCS-Netcyproozo 0.338 0.349 0.344
5 | AA-RMVSNetccyz02 0.376 0.339 0.357
Z | UniMVSNetcyprooz 0.352 0.278 0.315
2 | TransMVSNeteyproz2 | 0.321 0.289 0.305
S | MVSTERgcevape: 0.350 0.276 0.313
IS-MVSNetzcceyaoz 0.355 0.351 0.359
RA-MVSNetcyproozs 0.326 0.268 0.297
DispMVS jpu12023 0.354 0.324 0.339
EPNetyy1023 0.299 0.323 0.311
GeoMVSNetcypraoss 0.331 0.259 0.295
DMVSNetceyaos 0.338 0.272 0.313
S | PatchMatchNetcypragz; | 0.427 0.277 0.352
A | Ours 0.323 0.257 0.290

Table 1: Quantitative results of reconstructed point clouds
on DTU testing set by using the distance metric [mm](lower
is better). Comparison methods are divided into three cate-
gories: Traditional approaches (Tra.), MVSNet variants, and
PatchMatch series (PM). Acc. and Comp. stand for accuracy
and completeness, respectively.

Benchmark Performance

Results on DTU  We first evaluate our DS-PMNet on the
DTU testing set, where the model is only trained on the
DTU dataset. The quantitative results are reported in Table 1.
Our DS-PMNet outperforms traditional and learning-based
methods in the overall metric, achieving a highest score of
0.290. In terms of the accuracy, Gipuma (Galliani, Lasinger,
and Schindler 2015) achieves the best results, while our ap-
proach demonstrates state-of-the-art performance for com-
pleteness. Additionally, we compare our method with Patch-
MatchNet (Wang et al. 2021) and UniMVSNet (Peng et al.
2022) for estimated depth maps. As shown in Figure 7, our
method excels in recovering the depth of thin structures and
object boundaries, where the edges align better with object
boundaries than other methods.

37 =45mm

27

Figure 8: Qualitative comparison of point cloud reconstruc-
tion on the Tanks and Temples benchmark (Dark colors
indicate large errors). The distance threshold 7 is scene-
dependent and is set to 15mm for the Temple scene.
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Method Intermediate () Advanced (1)

ethods Pre. Rec. F; Pre. Rec. F;
| COLMAP cypzgr6 43.16 44.48 42.14|33.65 23.96 27.24
&= | ACMMPrp4411205 53.28 68.50 59.38|33.79 44.64 37.84
APD-MVS ¢ypraoaz 55.58 75.06 63.64|33.77 49.41 39.91

2 | MVSNetecerzos 40.23 49.70 43.48| - - -
Z |CasMVSNetcypraozo  |47.62 74.01 56.84/29.68 35.24 31.12
2 | IterMVS cypro022 46.82 73.50 56.22(28.04 42.60 33.24
S| Effi-MVScvpraoa 47.53 71.58 56.88|32.23 41.90 34.39
EPNety 412023 53.26 71.60 60.46|30.75 44.12 35.80
EPP-MVSNet,ccvan |53.09 75.58 61.68(40.09 34.63 35.72
%, [ IS-MVSNetgceyzon: 55.62 74.49 62.82|37.03 35.13 34.87

2~ |RayMVSNetceyprago,  |53.21 69.21 59.48| - - -
2 IterM VS ¢ypra022 47.53 74.69 56.94|28.70 44.19 34.17
S | TransMVSNetcyprapz2 |55.14 76.73 63.52133.84 44.29 37.00
DispMVSS 4aa2023 49.93 73.37 59.07|26.37 53.67 34.90
EPNetyaa023 57.01 72.57 63.68|34.26 50.54 40.52
PatchMatchNetcypropy; |43.64 69.37 53.15(27.27 41.66 32.31
PatchMatch-RLj. 50, |45.91 62.30 51.81|30.57 36.73 31.78
E PatchMatch-RL}}. ,.,, | 50.48 63.27 55.32|38.82 32.35 33.80
Ours 48.02 76.26 58.23|32.77 41.96 36.03
Ours* 56.02 76.76 64.16|34.29 48.73 39.78

Table 2: Quantitative results on Tanks and Temples dataset
(unit: %, higher is better). Methods are also divided into four
categories: Traditional approaches (Tra.), MVSNet vari-
ants trained on DTU, MVSNet variants trained or fine-
tuned on BlendedMVS (*), and PatchMatch series (PM).
PatchMatch-RL* (Lee, Zou, and Hoiem 2022) is an exten-
sion of PatchMatch-RL. Bold represents the best while un-
derlined represents the second-best.

Results on Tanks and Temples We further validate the
generalization ability of our method on the challenging
Tanks and Temples dataset. As shown in Table 2, our DS-
PMNet achieves competitive performance in precision and
recall compared to the MVSNet variants. Specifically, our
method ranks 1st and 3rd on the intermediate set and ad-
vanced set in terms of Fj score respectively, outperform-
ing most of methods. Compared with the existing learnable
PatchMatch MVS methods, DS-PMNet outperforms better
in all metrics. Figure 8 provides a qualitative comparison
of the reconstructed point clouds for the differen methods,
where our method show an enhanced precision and compre-
hensiveness. The above results demonstrate the robustness
and generalization ability of our method.

Ablation Studies

Ablation Studies are first conducted to independently vali-
date the two modules of DeformSampler (i.e., Plane Indica-
tor Py and Probability Matcher My). Then, comprehensive
analysis are made on various ¢ settings in the probability
matcher to showcase our choice of the parameters.

Effectiveness of DeformSampler We first establish a base-
line by incorporating Gipuma’s fixed sampling modes in
the propagation and perturbation stages into our learnable
PatchMatch solver. Then, we progressively replace the sam-
pling modes with our proposed plane indicator and proba-
bilistic matcher for validating the effectiveness of our De-
formSampler. Quantitative results evaluated on DTU are re-
ported in Table 3. The results show that the solver incorpo-
rating both modules achieves the highest accuracy and com-
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Po My Acc.(mm) Comp.(mm) Overall.(mm)
0.374 0.310 0.342
v 0.368 0.296 0.322
v 0.356 0.284 0.320
v v 0.323 0.257 0.290
PatchMatchNet 0.427 0.277 0.352

Table 3: Ablation studies for the plane indicator Py and
probabilistic matcher My on DTU’s testing set (lower is bet-
ter).

€ Acc.(mm) Comp.(mm) Overall.(mm)
- 11,1 0.345 0.278 0.312
-2,2,2 0.352 0.271 0.312
-3.2,1 0.332 0.267 0.300
-2.2,1 0.323 0.257 0.290

Table 4: Parameter sensitivity testing on DTU for
uncertainty-aware perturbation in different stages (lower is
better).

pleteness. This demonstrates the capability of our method in
effectively learning the underlying depth distributions, guid-
ing reliable hypothesis sampling during the propagation and
perturbation stages. Additionally, our baseline outperforms
PatchMatchNet in all metrics, demonstrating the superiority
of our network design.

Parameter Sensitivity During the perturbation process, the
parameter € controls the range of the perturbation, i.e.,
[0 — €0, + €0], and different perturbation ranges result
in different sampling fineness. Therefore, we constrain the
parameters to the subset {1, 2, 3} to verify the optimality of
our setting. Due to the step-by-step refinement in each iter-
ation, € in subsequent iterations must be less than or equal
to the previous one. Additionally, the first iteration does not
involve the perturbation process. The results of quantitative
analysis on DTU are reported in Table 4. The best perfor-
mance is achieved when ¢ is set to {2,2, 1}, followed by
{3,2,1}. These differences primarily stem from the initial
€ setting. If € is set too small (¢=1), the potentially valid
hypotheses are excluded, while if too large (¢=3), the redun-
dant noises hamper fine-grained sampling.

Conclusion

This paper presents a learnable DeformSampler that is
embedded into PatchMatch MVS framework to facilitate
the accurate depth estimation in complex scenarios. The
proposed DeformSampler can help to sample distribution-
sensitive hypothesis space during the propagation and per-
turbation. Extensive Experiments conducted on several chal-
lenging MVS datasets show that DeformSampler can effec-
tively learn the piece-wise smooth depth distribution on the
object surface for reliably propagating depth, while success-
fully capture the multi-modal distribution of depth predic-
tion probabilities to allow for fine-grained hypothesis sam-
pling. Comparisons with existing methods also demonstrate
that our method can achieve state-of-the-art performance on
MYVS benchmarks.
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