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Abstract

Computing accurate depth from multiple views is a fun-
damental and longstanding challenge in computer vision.
However, most existing approaches do not generalize well
across different domains and scene types (e.g. indoor vs.
outdoor). Training a general-purpose multi-view stereo
model is challenging and raises several questions, e.g. how
to best make use of transformer-based architectures, how
to incorporate additional metadata when there is a vari-
able number of input views, and how to estimate the range
of valid depths which can vary considerably across differ-
ent scenes and is typically not known a priori? To address
these issues, we introduce MVSA, a novel and versatile
Multi-View Stereo architecture that aims to work Anywhere
by generalizing across diverse domains and depth ranges.
MVSA combines monocular and multi-view cues with an
adaptive cost volume to deal with scale-related issues. We
demonstrate state-of-the-art zero-shot depth estimation on
the Robust Multi-View Depth Benchmark, surpassing exist-
ing multi-view stereo and monocular baselines.

1. Introduction

Estimating accurate depth from multiple RGB images is
a core challenge in 3D vision, and a building block for

downstream applications like 3D reconstruction and au-
tonomous driving. Recent approaches in learning-based
multi-view stereo (MVS) are capable of generating accu-
rate depths [6, 89, 90]. However, existing methods typically
struggle to generalize to scene and camera setups that differ
significantly from those in their training data. As a result,
there is a pressing need for general-purpose MVS methods
that are more robust to differences between the training and
test distributions.

We take inspiration from the recent explosion in scene-
agnostic single-view depth models, which predict plausible
metric [2, 25, 29, 54, 76, 92] or up-to-scale [38, 56, 87, 88]
depth using only a single image as input. These models are
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Figure 1. Our MVSA model results in high-quality reconstruc-
tions from posed images, and is superior to existing monocular
and MVS methods. Here we compare with Depth Pro [3], a re-
cent monocular method which produces sharp and good looking
depth maps, but can have inconsistent scaling of depths, which
are required for good meshes. We also include a variant of
MAST?3R [42] that we have augmented with ground truth camera
poses. Our model gives sharp depth maps which are also accurate
and 3D consistent, producing high-quality meshes in zero-shot en-
vironments.

typically trained on large curated sets of synthetic and/or
real RGB-D data, endowing them with impressive gener-
alization performance on previously unseen data. Single-
view models are, however, inherently limited by their input.
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For our specific depth prediction target, constraining the
model’s input to just one image forces it to use single-view
geometry cues (e.g. vanishing points) and learned patterns
[14], while losing the stronger multi-view signal. While
there are temporal extensions of these single view mod-
els [53, 64, 75, 80, 85], their focus is on temporal perceptual
consistency, and not necessarily multi-view consistency. In
application contexts where multiple views are available at
inference time, it stands to reason that these lead to signifi-
cantly more accurate depth estimates [35, 47, 66].

Developing a general-purpose MVS method, however,
raises two significant challenges. Firstly, it should be able
to deal with arbitrary depth ranges. Existing MVS meth-
ods typically require a known range of depths to ‘search’
over along epipolar lines, corresponding to a discrete set of
depth bins used to build a cost volume. These depths are
typically either fixed (and chosen from the range of depths
in the training data) [59] or are provided at test time for each
image [71, 89, 90]. Secondly, the many emerging benefits
of ViTs [16] motivate us to find a way to ‘upgrade’ parts of
standard MVS architectures that are still CNNss.

To address these challenges, we introduce a new general-
purpose MVS method named Multi-View Stereo Anywhere
(MVSA). Similarly to recent performant monocular meth-
ods, it is trained on a large and diverse set of data, spanning
diverse depth ranges. Along with harmonizing these train-
ing signals, our main technical contributions are:

* A novel transformer-based architecture that processes the
multi-view cost volume, while also incorporating monoc-
ular features. We propose a Cost Volume Patchifier that
tokenizes the cost volume without loosing its details,
while also incorporating features from a monocular ViT.

* We propose a view-count-agnostic and scale-agnostic
mechanism to construct the cost volume using geometric
metadata given any number of input source frames. This
is in contrast to the established practice [59] of concate-
nating geometric metadata from a fixed number of frames
to build the cost volume.

MVSA predicts highly accurate and 3D-consistent
depths, obtaining state-of-the-art results on the Robust
Multi-View Depth Benchmark [63], which contains a vari-
ety of challenging held-out datasets. We also report scores
for some new single- and multi-view methods for compar-
ison. Our better depths result in improved 3D mesh recon-
struction compared to alternative depth-based reconstruc-
tion methods (Fig. 1). Code and pretrained models are avail-
able at https://github.com/nianticlabs/mvsanywhere.

2. Related Work

Multi-view stereo (MVS). MVS algorithms estimate
depth from posed multi-view images using epipolar geome-
try [72]. Given calibrated cameras, early methods estimated
depth by matching image patches [21, 61]. Subsequently,
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Figure 2. MVS datasets cover a wide range of depth values.

Here we show the distribution of % depths in the DTU [36], Scan-

Net [12], ETH3D [62], Tanks and Temples [41], and KITTI [23]

datasets, as a stacked bar chart. Note the log x-axis. This wide

range of depth values can be challenging when it comes to con-

structing meaningful cost volumes and predicting the final depths.

deep learning approaches were introduced, first for stereo
matching [94] and later improved via end-to-end learning,
typically using plane-sweep cost volumes [10, 24, 33, 34,
39, 69, 74, 90, 95]. Subsequent methods introduced ad-
vances in architectures [6, 7, 15], increased robustness to
occlusion and moving objects [46, 83, 97], integrated tem-
poral information [17], improved model efficiency [59, 93],
jointly estimated camera pose [42, 77] and ingested prior
geometry estimates to improve depths [60].

With some exceptions [96], earlier stereo and MVS
methods were traditionally both trained and tested on the
same dataset/domain, and were limited in their ability to
generalize to out-of-distribution data. This domain gen-
eralization issue is a consequence of most performant
learning-based MVS methods being data-hungry. Ap-
proaches such as a training on synthetic [48, 98] or pseudo-
labeled depth [30] can be effective, but so far, struggle
to span a diverse range of scene types and scales. Self-
supervised approaches can be trained without depth super-
vision, but current methods produce inferior depths com-
pared to fully supervised approaches [13, 40, 86]. Concur-
rent with our work, [26, 81] trained large binocular stereo
models on large synthetic datasets.

Adaptive cost volumes. One of the challenges in develop-
ing a general-purpose domain-agnostic MVS method is that
different scenes can contain wildly different depth ranges,
e.g. indoor scenes are limited to a few meters, while out-
door ones can span much larger distances. This is a prob-
lem as conventional cost volumes require a known depth
range, which is typically just estimated based on the mini-
mum and maximum depth values in the training set. As a
result, there is a need for cost volumes that are not restricted
to a pre-defined range or bins, and instead are adaptive. In
the context of self-supervised learning with unscaled poses,
[80] estimated bin ranges at training time via an exponential
moving average of the depth predictions. Another approach
is to predict bin centers iteratively in a coarse-to-fine man-
ner, where the outputs from the previous iteration are used
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to seed the range in the next [24, 49, 99]. Alternatively,
the bin offsets can be predicted by a learned network [11]
or from estimated depth uncertainty [9, 43]. We estimate
cost volume depth ranges to enable us adapt to any range of
depths, while prior work has done this when the test time
range is known, but they wish to reduce computation or en-
hance detail.

Single-view depth. Monocular depth methods, trained us-
ing supervised learning, do not have access to multi-view
images at inference time so instead aim to estimate a depth
map from a single image [18-20, 45]. Building on highly
advanced and effective image backbones [52], more re-
cent monocular methods have focused on making general-
purpose depth estimation models, which aim to work on ar-
bitrary scenes [8, 56]. Further works have scaled up the
size of models and datasets, training on combinations of
real and/or synthetic data [87, 88], and have used stronger
image-level priors [27, 38]. One of the limitations of mod-
els trained from stereo-image-derived supervision without
known baselines [56] or human annotations [8] is that these
only enable a relative, and not metric (e.g. in meters), depth
prediction.

Other monocular models predict metric depth [2, 3, 29,
76, 92]. Not only does this rely on appropriate training
data, but also requires an understanding of camera intrin-
sics, which are often a required additional input to the net-
work. Conventional monocular methods are inherently lim-
ited by only incorporating information from single views at
inference time, even when multi-view information is avail-
able [80]. On the other hand, with recent advances, they can
still provide a very valuable signal when only one image is
available. As in [1, 79, 84], we combine features extracted
from a monocular depth model with a multi-view cost vol-
ume to better leverage monocular and multi-view cues.

3. General-purpose Multi-View Stereo

Our model takes as input a H x W reference image I, to-

gether with neighboring source frames /;¢ ;... v}, €ach with

their relative poses and intrinsics. At test time we aim to

predict a dense depth map D, for I,. For ours to be a

general-purpose MVS method, we seek to:

1. Generalize to any domain. Most current MVS methods
are typically trained on and tested on data from similar
domains, e.g. indoor only or driving only.

2. Generalize to any range of depths. Predicted depth
maps need to be accurate for nearby surfaces (e.g. for
robotics) or for more distant ones (e.g. for drones and
autonomous driving). In some scenarios like SfM, the
depths and camera poses are in a non-metric up-to-scale
coordinate system. Hence, general-purpose MVS should
be robust to the scale of the coordinate system.

3. Be robust to the number and selection of source
frames. Traditional MVS systems can struggle when
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Figure 3. Our general-purpose multi-view depth estimation
model. We start with a cost-volume based architecture, which
matches deep features between views at different hypothesized
depths. Key for performance are our Cost Volume Patchifier and
Mono/Multi Cue Combiner. These also fuse single-view informa-
tion coming from the Reference Image Encoder and source views.

there is little overlap between source and reference
frames. We also want MVS methods to be agnostic to
the number of source frames available at test time.

4. Predict 3D-consistent depths. Depths from one view-
point should be consistent with those predicted from dif-
ferent viewpoints. Fusion of consistent depth maps will
produce a mesh with accurate estimates of 3D surfaces.

While prior works have tackled these problems in turn, we

are the first model, to the best of our knowledge, to tackle

all four problems in a single system.

3.1. MVSAnywhere

We introduce MVSAnywhere (MVSA), a novel general-
purpose MVS system which is designed to embody each
of the previous properties. To help us learn from diverse
datasets and hence generalize to any domain, we use a
large transformer-based architecture, which takes as input:
(1) multi-view information from the reference and source
images, and (2) single-view information, which is extracted
directly from the reference image via a monocular reference
image encoder. The overall architecture (Fig. 3 and sup-
plementary) is broadly inspired by recent MVS approaches,
e.g. [59]. It comprises five key components:

Feature extractor. This encodes the source and reference
images into deep feature maps F, and Fic(y1.. Ny, that
will be processed via a cost volume. We use the first two
blocks of a ResNet18 [28] for this encoder, producing fea-
ture maps at resolution H/4 x W/4.

Cost volume. Following e.g. [7, 33, 39, 74], we warp fea-
ture maps J; from each source view to the reference one
using a set of hypothesized depth values (i.e. bins) D. We
then concatenate these warped features and J,. with ap-
propriate metadata, following [59]. See Sec. 3.2 for our
specific novel contributions in this matter.

Reference image encoder. This extracts powerful deep
monocular features for /.. We use the ViT Base [16] en-
coder from Depth Anything V2 [88], with their pretrained
weights for relative monocular depth estimation, which
help us to be robust to limited overlaps between source
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Figure 4. Our cost volume patchifier enables high-quality infor-
mation to be extracted from a |D| x % X % cost volume, ready for
input to the Mono/Multi Cue Combiner ViT. (a) Shows the naive
approach to patchification. (b) Our approach makes better use of

the reference image features.

and reference frames. As ViT Base operates on 14 x 14

patches, the reference image is resized to % X % res-

olution before feeding to ViT Base, such that the extracted
H. W

features are size {5 X {g-

Mono/Multi Cue Combiner. This converts the ‘“patchi-
fied” features of the cost volume and reference image into
a sequence of features which go to our depth decoder.
Monocular and multi-view cues are combined by a novel
component described in Sec. 3.3.

Depth Decoder. Based on the decoder from [55], MVSA
progressively upsamples and processes features from the
Mono/Multi Cue Combiner module to produce the final

depth map at the reference image resolution.

3.2. Metadata Agnostic to View Count and Scale

SimpleRecon [59] demonstrated that readily available meta-
data, e.g. geometric and camera pose information, can be in-
corporated into the cost volume to improve depths. For each
pixel location (., v,-) in I,. and depth bin % in D, we back-
project the pixel to a 3D point P and then reproject it into
every source view I;. The specific metadata for the bin with
coordinates (u;, v, k) in the cost volume includes: the dot
product between feature vector F,.(u., v,-) and correspond-
ing pixels in F;(u;, v;), ray directions from source and ref-
erence origin to P, depths in reference and source views,
angle between rays from reference and source views, rela-
tive poses between the reference and source cameras, and
depth validity masks (in case P is outside a source frame
frustum). See our supplementary for full details.
SimpleRecon [59]’s cost volume concatenates metadata
from all eight source frames and runs an MLP to pro-
duce one single cost (matching score) per spatial location
and depth hypothesis. While this gives good scores, its
limitation is that it requires exactly eight source frames

for every training and test reference image, limiting the
model’s flexibility (note though that traditional MVS meth-
ods are typically already view-count agnostic). To address
this limitation, we introduce a view-count-agnostic meta-
data component which enables a single model to gener-
alize to any number of source views. For each source
frame, we run an MLP that ingests the metadata from the
reference frame and the source frame and predicts two val-
ues: a score and a weight. This results in N scores and N
weights. A weighted sum of the IV scores is computed af-
ter the NV weights go through softmax. This weighted sum
is used as the value in the cost volume at every pixel loca-
tion (u,v) and depth hypothesis k. Our novel module en-
ables aggregation of the matching score and confidence for
each source frame, while allowing for a variable number of
source frames for each I,.

The source camera poses may be close to the reference,
or far from it. To be more invariant to this possible range
of scales, we also make the metadata scene scale-agnostic.
To this end, we normalize the relative pose measures of the
metadata using a maximum across all the source frames for
a given reference frame. We also normalize the depth hy-
pothesis metadata using the maximum and minimum of D.

As the scene scale information is not provided to the rest
of our network, we rescale the depth predictions to match
the scale of the input poses. Our depths are predicted with a
sigmoid function o over the logit z. To align the prediction
of the network with the cost volume, the sigmoid output is
scaled by the depth range of the cost volume, so

DT = eXp (log(dmin) + log(dmax/dmin) . 0(37)) . (1)

3.3. Mono/Multi Cue Combiner

Given the cost volume of shape |D| x £ x ¥, and the ref-
erence image encoder features of shape C' x % X TV{g (out-
puts of different blocks of the reference image encoder), we
pose the question: how can we best combine these features
to provide the strongest signal for the decoder? Motivated
by the recent success of transformer architectures in single-
view depth prediction [3, 55, 88], we use a ViT-Base net-
work to process these features in a Mono/Multi Cue Com-
biner network, which produces a sequence of tokens for the
decoder to transform into a depth prediction.

To effectively achieve this we need to i) convert the cost
volume into a token sequence without sacrificing informa-
tion and ii) incorporate the monocular cues to help in decod-
ing sharp depth. For i), a naive approach would be to apply a
strided convolution projecting to the ViT token dimensions,
resembling how RGB images are patchified. However this
is suboptimal, for it lacks contextual information on how
to achieve this downsampling. Instead, we propose a cost
volume patchifier module. This guides the downsampling
process with information from the first two blocks of the



Name Scenes #total  #total # training Metric Moving

scenes images tuples poses?  objects?
Hypersim [58] Indoor 461 TIK 45K Yes No
TartanAIR [78] Indoor, Outdoor 30 M 92K Yes Yes
BlendedMVG [91] Indoor, Outdoor, Aerial 389 110K 97K No No
MatrixCity [44] Outdoor, Aerial 1 519K 40K Yes No
VKITTI2 [5, 22] Outdoor 5 21K 40K Yes Yes
Dynamic Replica [37] Indoor 484 145K 70K Yes Yes
MVSSynth [33] Outdoor 117 12K 3K No Yes
SAIL-VOS 3D [31, 32]  Indoor, Outdoor 6807 237K 21K Yes Yes

Table 1. We train on eight MVS datasets from a variety of do-
mains. All these datasets are synthetically rendered, giving them
perfect ground truth depths and camera calibration. However,
BlendedMVG uses real textures on their assets.

reference image encoder. We convert the cost volume into
tokens using two strided convolutions, but first, concatenate
each of them with the monocular features of the first two
blocks, transposed and projected at 1/4 and 1/8 of the in-
put resolution, respectively. The output of this module is a
sequence of 1% X ‘I’V—G tokens, matching the sequence length
of the monocular features. These tokens are then fed into a
ViT-B initialized with DINOv2 weights (see Fig. 4).

For ii) we add the tokens from the cost volume with the
ones from the reference image encoder after projecting the
latter with a linear layer. We repeat this process at blocks
2,5,9, and 11 of the ViT to incorporate multiple levels of
monocular cues. This simple mechanism allows the net-
work to refine and regularize the cost volume with the help
of the reference image structure.

3.4. Generalizing to Any Range of Depths

When building a cost volume, a set of depth hypotheses (i.e.
bins) D are used to warp feature maps F; to I,.. This raises
the question: How do we choose D to generalize to any
range of depths? Depth ranges vary hugely across datasets
(see Fig. 2), so using the same fixed range is suboptimal.

We address this with a cascaded cost volume approach,
first introduced in 3D stereo matching [24, 49, 99]. While
these works start from a known ‘ground truth’ depth range,
we use the known intrinsics and extrinsics to infer the min-
imum and maximum depths that could be matched between
I, and each I;. We space our initial depth bins logarith-
mically within this range, then make an initial depth predic-
tion. The min and max values of this initial estimate are then
used to rebuild the cost volume for a final depth prediction.
This iterative process occurs only at test time; during train-
ing, we use the known depth range. Full details are in the
supplementary. Importantly, previous methods that are pro-
vided with an exact depth range learn to predict depths that
cover all the depth hypotheses. Thus, when using a rough
estimate of the range, these methods fail to align the predic-
tion to the actual valid depths. To further mitigate this issue,
we augment the ground truth ranges via a random perturba-
tion during training.

3.5. Implementation Details

Losses. We use the supervised losses from [59]. These
comprise an L1 loss between the log of the ground truth
and the log of the predicted depth values, and a gradient
and normals loss. Training losses are applied to four output
scales of the decoder. At inference, only the final largest-
scale prediction is used. We take as input 640 x 480 images,
and output depth maps at the same resolution. We use 64
depth bins in D sampled in log space.

Keyframes. For datasets with dense sequences, we
choose reference and source frames with the strategy of [17,
59]. To be robust to sparser sets of frames, we also select tu-
ples based on geometry overlap, obtaining tuples of not nec-
essarily consecutive frames. Full details on our architecture
and training strategy are provided in the supplementary.
Training data. For MVSA to generalize across do-
mains, we train on a large and diverse set of synthetic
datasets, as listed in Tab. 1. A subset of these training
datasets contain moving objects. Our reference image en-
coder is initialized from Depth Anything V2 (DAV2) [88],
which uses a teacher network trained on synthetic datasets
similar to ours, and a student network distilled using var-
ious real images that do not overlap with our evaluation
benchmarks. DAV?2 was initialized from a pretrained DI-
NOV2 [52] network, in turn trained on internet images.

4. Experiments

We evaluate MVSA on both depth estimation and 3D recon-
struction tasks. We also implement and report scores for a
set of new baselines, which have never before been evalu-
ated on the benchmarks we use.

4.1. Baselines

Where possible, we obtain results directly from prior works
[63, 77]. We also evaluate and implement other strong base-
lines that did not previously report performance on diverse
MVS benchmarks. These include: (i) A strong monocu-
lar baseline in the form of DAV2 [88]. To account for the
unknown affine transform, we align its predictions to the
ground truth using least squares. (i) MAST3R [42] (raw
depth estimate) which involves passing the reference and
one other source image as input and taking the z com-
ponent of the point cloud as the depth prediction. (iii)
MAST3R (plus our triangulation) which is a novel exten-
sion of MAST3R so that it can use provided extrinsics and
intrinsics, when available. For each of the available source
images, we use MAST3R descriptors to match points with
the reference image. We then triangulate points from such
matches, rescale the raw depth predictions, and aggregate
the point clouds from the different views using a sum
weighted by the predicted confidences. Note, this method
requires one forward pass and thousands of triangulations



Approach Gr | 6T |Align| KITTI ScanNet ETH3D DTU T&T Average
Poses | Range rell 71 |rell 771 |rell 77| rell 771 [rel] 771 [rel] 771 time[s]]
a) Depth from frames (w/o poses)
DeMoN [70] X | x| |t |155 152 ] 12.0 21.0 | 174 154| 21.8 16.6 | 13.0 232 |16.0 183 0.08
DeepV2D xirTi [69] X | X | med |3.1) (749)| 23.7 11.1 |27.1 10.1| 248 8.1 |[34.1 9.1 [22.6 227 2.07
DeepV2D scanNet [69] X | X | med 100 362 | (44) (54.8)| 11.8 29.3| 7.7 330 | 89 464 | 8.6 399 3.57
MAST?3R [42] (raw output) X | X | med |33 677 | (4.3) (64.0)| 2.7 79.0| 3.5 66.7 | 24) (81.6)| 3.3 71.8 0.07
MAST3R [42] (raw output) X | X X 614 04 [(12.8) (19.4)| 43.8 3.1 | 1458 0.5 [(66.9) (0.0) | 66.1 4.7  0.07
b) Depth from frames and poses (with per-image range provided)
MVSNet [90] IV X 227 36.1 | 246 204|354 314| (1.8) (86.0)| 83 73.0 | 18.6 494 0.07
MVSNet tnv. Depth [90] v I/ X |18.6 30.7 | 22.7 209 | 21.6 356 (1.8) (86.7)| 6.5 74.6 | 142 497 0.32
Vis-MVSNet [97] a4 X 9.5 554 | 89 335|108 433| (1.8) (874) 41 872 | 70 614 0.70
PatchmatchNet [71] v IV X |10.8 458 | 85 353 |19.1 34.8| (2.1) (82.8)| 48 829 | 9.1 563 028
MV SFormer++ DTU+BlendedMVG [7] | v | v X 44 657 | 79 394 | 78 504| (0.9 (95.3)| 32 88.1 | 48 67.8 0.78
MV SFormer++ CE our data [7] I/ X |44 639 | 64 433 | 6.7 564| (1.2) (90.7)| 2.6 883 | 43 685 0.78
MV SFormer++ regression our data [7] v v X 3.7 672 5.7 45.1 53 575 (12) (905) 2.2 88.6 3.6 69.8 0.78
c¢) Single-view depth
Depth Pro [3] T X | X | med |61 396 | 43) (584)| 6.1 535| 56 496 | 56 575 | 56 517 5.16
Depth Pro [3] t X | X X |13.6 143 | 92 19.7 |285 87| 161.8 35 |383 44 |503 10.1 5.16
Metric3D [29] } X | X | med |51 441 | 24 783 | 44 545| 10.1 395 | 62 48.0 | 5.6 529 0.46
Metric3D [29] § X | X X 87 132 | 62 193 |12.7 13.0/ 890.5 14 | 16.7 13.7 |187.0 12.1 0.46
UniDepthV2 [54] } X | X | med | 40 553 | (2.1) (82.6)| 3.7 66.2| 32 723 | 3.6 684 | 3.3 689 0.29
UniDepthV2 [54] t X | X X |13.7 48 | (3.2) (61.3)| 154 11.9| 9648 13 | 16.7 12.7 |202.7 184 0.29
UniDepthV1 [54] t X | X | med |44 516 |19 (843)| 54 484] 93 318 | 9.6 387 | 6.1 510 0.21
UniDepthV1 [54] t X | X X 52 395 |27 (694) 482 1.8 5833 1.0 |30.7 42 |1340232 020
DepthAnything V2 (ViT-B) [88] | X | X |Istsqf| 6.6 38.6 | 40 58.6 | 47 565 2.6 747 | 45 575 | 48 541 0.05
d) Depth from frames and poses (w/o per-image range)
Fast-MVSNet [93] | X X |12.1 374 (287.1 9.4 |131.2 9.6 |(540.4) (1.9) | 33.9 47.2 12009 21.1 0.35
MVS2D scanNet [89] | X X |734 00 |@&5) (54.1)|30.7 144 50 579|564 11.1 |34.0 275 0.05
MVS2D pru [89] V| X X 1933 00 515 1.6 |780 0.0| (1.6) (92.3)| 87.5 0.0 | 624 188 0.06
Robust MVD Baseline [63] VX X 7.1 419 | 74 384 | 90 426 27 8.0 | 50 751 | 63 560 0.06
MASTS3R (plus our triangulation)| v | X X 34 66.6 | (45) (63.0)) 3.1 729 34 673 |(24) (83.3) 34 70.1 0.72
MVSA (Ours) VX X |32 688 | 3.7 629 | 32 680 13 950 21 905 | 27 77.0 0.12

Table 2. We set a new SOTA in depth estimation on the RMVDB

. See Sec. 4 for details of the metrics, baselines and groupings. A full

version of this table, including older baselines, appears in the supplementary. Monocular methods with { are given ground truth intrinsics.
The best result for each section appears in bold, and (parentheses) indicate results where the evaluation dataset is in the training set.

per source view, significantly reducing its speed. MAST3R
trains on ScanNet [12] and MegaDepth [45] (which con-
tains a subset of the Tanks and Temples dataset [41]). Base-
line implementation details are in the supplementary.
Benchmark. We evaluate ‘zero-shot’ depth estimation per-
formance on the five multi-view datasets from the RMVDB
benchmark [63], which are not included in our training
data. It contains the KITTI [23] ScanNet [12], ETH3D [62],
DTU [36], and Tanks and Temples [4 1] datasets and repre-
sents a diverse set of evaluation scenarios, e.g. driving se-
quences, room scans, building scans, and tabletop objects,
among others. We use the evaluation procedure and source
view selection procedure from [63], allowing direct com-
parison to previous approaches.

Methods are grouped into four different types (a-d) de-
pending on the information they are provided, e.g. if they
are given GT cameras, GT depth ranges, etc. MVSA nat-
urally fits into type (d), where all methods are given GT
poses, so need to predict depth directly in metric scale and
hence do not need any alignment or knowledge of the GT
depth range. Note, some methods train on the training splits

of one, or more, of the benchmark datasets, thus achieving
very high scores in those cases. We denote these in Tab. 2
with a parenthesis around them.

Metrics. We report two commonly used metrics to compare
the predicted dand GT depth d. The absolute relative depth
(rel) is computed per-pixel as |d — d|/d, while the inlier
percentage 7, with threshold 1.03, is computed per-pixel as
[max(d/d,d/d) < 1.03], where [] is the Iverson bracket.
Both metrics are averaged over all valid GT pixels in each
test image, before averaging over all images.

Results. Tab. 2 depicts the quantitative results, where we
outputperform all baselines across most metrics. Qualita-
tive results in Fig. 7 demonstrate that our MVSA model
produces depth maps with superior edge detail and con-
sistent scaling across a variety of scenes, visually outper-
forming prior methods. MVSA also performs well on mov-
ing objects, e.g. as found in KITTI; see also Fig. 6. Both
MAST3R triangulated and the Robust MVD Baseline ex-
hibit poor edge quality, limiting their suitability for applica-
tions such as single-image novel view synthesis [65], which
requires sharp depth boundaries. While Depth Pro produces



ScanNet ETH3D
rel] 771 |rel] 771
Robust MVD Baseline [63]| 6.02 47.83 |5.75 71.64
MAST3R Triangulated (3.88) (68.68)|2.37 84.90
MVSA (Ours) 322 69.45 | 1.27 93.24

Approach

Table 3. Our variant of RMVDB. We use better test-time tuples
for ScanNet, and for ETH3D we use the undistorted test images.

I (RGB’)

MVSA (Ours) MVSFormer++
Figure 5. Many MVS models fail in areas of poor frame over-
lap. Here we show how MVSFormer++ (right) fails to recover
geometry in areas of the image where there are no matching pix-

els between source and target views (see the top left corner). Our
model (middle) handles this situation gracefully.

sharp edges, it frequently displays incorrect depth scaling.
In contrast, our MVSA model combines competitive quan-
titative performance with sharper edges, making it ideal for
tasks that demand both visual and depth accuracy. Finally,
GT depth-based median and least squares scaling of monoc-
ular methods and depth from frames methods (w/o poses) is
crucial for good scores, while MVSA consistently predicts
high-quality and metric depths.

Alternative Variant of RMVDB. We further evaluate some
of the leading models on a RMVDB variant, in which we
change some conditions to better reflect real-world scenar-
ios. In this variant, for ScanNet we use keyframes using
the strategy of [17], rather than the temporally sequential
keyframes provided by the benchmark. For ETH3D we
undistort both the images and the ground truth using their
provided Thin-Prism [82] camera parameters. Results are
shown in Tab. 3. On this revised benchmark, we more com-
prehensively outperform the baselines.

4.2. Ablations Study

In Tab. 4 we validate our design decisions by turning on and
off sections of our system. We train all ablations at a smaller
resolution (512 x 384 input), and without using metadata,
for efficiency. At this resolution, Row A is ‘ours’ and all
other rows are ablations relative to this. Row B replaces
our standard ViT-B with the smaller ViT Small, both for
the cost volume ViT and the reference image encoder. The
reference image encoder is initialized from Depth Anything
v2 (small). Row C uses our training data and pipeline, but
with the fully-convolutional architecture from SimpleRe-
con [59] (without metadata). Row D is our system but with-
out adding noise to the ground truth range at training time
(Section 3.4). Although this method can excel when the ini-
tial range is accurate, it can fail to generalize (see DTU).
Row E is our full architecture but without the pretrained en-

MVSFormer++
(As published)

MVSFormer++
(Trained on our data)

Input Ours
(Anonymized)

Figure 6. We handle dynamic objects significantly better than tra-
ditional MVS e.g. MVSFormer++. See supplementary for details
of the MVSFormer++ variants shown here.

KITTI ScanNet | ETH3D DTU T&T Average
rell 71 |rell 771 |rell 71 |rell 771 |rell 771 |rel] 771
A Ours (no metadata, low res.)|3.39 66.88(3.86 60.82|3.11 70.17 | 2.43 92.05|2.23 88.38(3.00 75.66
B w/ ViT Small 3.57 64.3414.40 56.57|3.63 64.61| 2.69 91.52|2.71 84.51|3.40 72.31
C w/ [59]’s architecture 3.63 65.94(5.03 51.76|3.74 63.09| 1.77 90.97|2.78 87.90|3.39 71.93
D w/o noise on GT range 3.33 66.83|5.14 52.77|3.53 66.32|13.45 89.21|2.34 87.64|5.32 74.89
E w/o DAV2 weights 3.45 65.42(4.58 57.14|3.48 65.59| 2.14 92.48|2.56 86.01|3.24 73.33
F w/ fixed bins [0-100m] 3.41 64.33/3.80 61.62|3.15 67.20| 4.11 65.64|2.36 85.72|3.37 68.90
G no MMCC ViT 3.54 65.32(4.39 56.94|3.56 65.27| 3.07 90.49|2.46 87.54|3.41 73.11
H w/o bin refinement 3.57 63.39(5.18 51.05|3.50 67.93| 6.80 82.12|2.27 87.04|4.26 70.31
I Naive patchify 3.66 62.61|4.27 58.86|3.18 67.27| 1.95 91.69|2.46 86.52|3.11 73.39

Table 4. Ablation Study. Here we validate our design decisions
on RMVDB [63] by ablating various components. See Sec. 4.2 for
details. First and second best scores are indicated.

coder weights from [88]. Instead we initialize with DINOv2
weights. Row F is our system without a cascaded cost vol-
ume, and instead uses a fixed set of depth bins, losing the
ability to refine depth bins and work with arbitrary scales or
scene sizes. Row H is our full model, but where we take
the first depth prediction from the model as our final output,
without re-building the cost volume. Even though these bins
capture the full range of depths in the test datasets (Fig. 2),
we see that performance degrades. Row G uses CNN lay-
ers instead of ViT to combine mono/multi features. Row I
uses naive patchification to preprocess the cost volume for
input to the mono/multi cue combiner ViT, as outlined in
Fig. 4. These results confirm our design decisions, and full
implementation details are in the supplementary.
Robustness to pose rescaling. In the supplementary we
include results where we scale ScanNet poses %100, and
show our depths are robust to this scaling (vs. ours w/o nor-
malization of the metadata, which performs badly).

4.3. Meshing and 3D Reconstruction

To judge the 3D-consistency of our predictions we evaluate
our model on ScanNet Mesh Evaluation benchmark using
the protocol defined in [4] which also uses source frame se-
lection from [17]. The benchmark uses a GT mesh collected
with an active RGBD sensor captured in a video. The eval-
uation computes point-to-point vertex error from GT to pre-
dicted (as accuracy), from predicted to GT (as completion),
and the average of the two (as chamfer). Additionally, 200k
points are sampled uniformly over each mesh and point-to-
point errors thresholded at Scm distance are used to com-
pute precision, recall and F-score. Almost all competing
methods are trained on ScanNet, however our method that
was not trained on ScanNet performs comparatively, out-
performing many of the methods in Table 5. See Fig. | and
the supplementary for qualitative meshing results.
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KITTI

ScanNet

RGB (I,)

Depth Pro [3]

rMVD [63]

MAST3R [42]

MVSA (Ours)

GT

ETH3D DTU T&T

Figure 7. Qualitative comparison of depth prediction results across multiple datasets (KITTI, ScanNet, ETH3D, DTU, and Tanks &
Temples). Rows show different methods: Depth Pro [63], IMVD baseline [63], MAST3R (Triangulated) [42], and our MVSA model, along
with RGB inputs (I,) and ground-truth depths (GT). Depth Pro provides sharp edges but often misestimates depth scale, while our MVSA
model captures finer details than MAST3R and rMVD. Depth maps are normalized to ground truth depth range for consistent visualization;
see the supplementary material for unnormalized results, especially highlighting scale discrepancies in Depth Pro.

Compl Acc] Chamfer| Prect Recall 1 F-Score 1
10.68 690 879 0541 0592  0.563

DeepVideoMVS [17]

S
ATLAS [51] S 716 761 7.38  0.675 0.605 0.636
NeuralRecon [68] S 509 9.3 7.11  0.630 0612  0.619
3DVNet [57] S 772 673 7.22 0.655 0.596 0.621
TransformerFusion [4] S 552 827 6.89 0.728 0.600 0.655
VoRTX [67] S 431 723 577  0.767 0.651 0.703
SimpleRecon [59] S 553 6.09 581 0.686 0.658  0.671
COLMAP [61] 1022 11.88 11.05 0.509 0474  0.489
MAST3R [42] (raw depth) S+ 1235 1269 1252 0265 0.283 0.272
MASTS3R [42] (+ triangulation) S+ 538 678 6.08 0.572  0.655 0.608

SimpleRecon [59] (trained on our data) 807 667 737 0501 0597  0.544
MVSA (Ours) 493 639 566 0616 0.696  0.652
Table 5. ScanNet Mesh Evaluation [4]. Scores adapted from [4,
59]. Rows marked with S were trained on ScanNet only, while
those marked S+ were trained on ScanNet and other datasets. Our
MVSA model, which was not trained on ScanNet, outperforms

many models which were, e.g. [51, 57, 68].

Limitations.  While we use multi-view information to
generate depths, we do not enforce or encourage temporal

consistency. Techniques for this [30, 47, 85] could work
with MVSA. Also, like traditional MVS, our method re-
quires known camera intrinsics and poses; recent works
suggest this requirement could be relaxed [50, 73].

5. Conclusions

We introduced MVSAnywhere, a new general-purpose
MYVS depth estimation approach. We addressed challenges
associated with training on diverse MVS datasets, such as
how to best leverage ViT-based architectures, how to in-
corporate geometric metadata, and how to handle variable
depth ranges. Through extensive experimentation, we com-
pare to numerous existing and new baselines. Our con-
tributions result in state-of-the-art zero-shot performance
on a range of challenging reconstruction and depth estima-
tion test datasets, in some cases even outperforming models
trained on the test domains.
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