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Figure 1. MapAnything is a flexible, unified feed-forward 3D reconstruction model that predicts metric 3D reconstructions with camera
information from a set of /N input images with optional camera poses, intrinsics, or depth maps. MapAnything supports over 12 different
3D reconstruction tasks, including camera localization, structure-from-motion (SfM), multi-view stereo, and metric depth completion,

outperforming or matching the quality of specialist methods.

Abstract

We introduce MapAnything, a unified transformer-based feed-
forward model that ingests one or more images along with
optional geometric inputs such as camera intrinsics, poses,
depth, or partial reconstructions, and directly regresses the
metric 3D scene geometry and cameras. MapAnything lever-
ages a factored representation of multi-view scene geome-
try, i.e., a collection of depth maps, local raymaps, camera
poses, and a metric scale factor that effectively upgrades
local reconstructions into a globally consistent metric frame.
Standardizing the supervision and training across diverse
datasets, along with flexible input augmentation, enables
MapAnything to address a broad range of 3D vision tasks in
a single feed-forward pass, including uncalibrated structure-
from-motion, calibrated multi-view stereo, monocular depth
estimation, camera localization, depth completion, and more.
We provide extensive experimental analyses and model ab-
lations demonstrating that MapAnything outperforms or

matches specialist feed-forward models while offering more
efficient joint training behavior, thus paving the way toward
a universal 3D reconstruction backbone.

1. Introduction

The problem of image-based 3D reconstruction has tradition-
ally been solved using structure-from-motion (SfM) [43, 52],
photometric stereo [77], shape-from-shading [17], and so
on. To make the problem tractable, classic approaches de-
compose it into distinct tasks, such as feature detection [33]
and matching [49], two-view pose estimation [40], cam-
era calibration [64] and resectioning [50], rotation [13] and
translation averaging [43], bundle adjustment (BA) [60],
multi-view stereo (MVS) [53], and/or monocular surface
estimation [16]. Recent work has demonstrated tremendous
potential in solving these problems in a unified way using
feed-forward architectures [8, 22, 29, 68, 72, 84].
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While prior feed-forward work has approached the dif- 2. Related Work
ferent tasks separately or by not leveraging all the available
input modalities, we present a uni ed end-to-end model for Towards Universal 3D Reconstruction. In contrast to
diverse 3D reconstruction tasks. Our method MapAnything the traditional approach of designing specialized methods for
can be used to solve the most general uncalibrated SfM probdistinct reconstruction tasks, recent efforts have shown great
lem as well as various combinations of sub-problems, suchPromise in solving them jointly with a single feed-forward
as calibrated SfM or multi-view stereo, monocular depth architecture. Early works like DeMoNs[l], DeepTAM [87]
estimation, camera localization, and metric depth comple-0f DeepV2D p7] explored this direction with CNNs but
tion. To enable the training of such a uni ed model, we: did not match the performance of classical expert models.
(1) introduce a exible input scheme that supports various Enabled by advances in deep learning, recent methods like
geometric modalities when available, (2) propose a suitablePF-LRM [68], RayDiffusion [84], DUSt3R [72], VGGSfM
output space that supports all of these diverse tasks, and (3)°6l: and VGGT 7] scale up transformers on large amounts

discuss exible dataset aggregation and standardization. ~ Of data. Despite this breakthrough, these methods are still
limited to a subset of 3D reconstruction tasks with xed in-

~ MapAnything’s key insight to address these challenges s and output modalities, a small or xed number of views,
is the use of dactoredrepresentation of multi-view scene o they only work well in relatively constrained, typically

geo_metry. In_stead of directly representing the scene as a ?Olbbject-centric, scenarios. With MapAnything, we overcome
lection of pointmaps, we represent the scene as a collectlo_r}hese limitations by designing a geometrically grounded and

of depth maps, local raymaps, camera poses, and a metriGyiple architecture that supports heterogeneous input and
scale factor that upgrade local reconstructions into a globallyoutput modalities for any number of input views.

consistent metric frame. We use such a factored represen-

tation to represent both the outputs and (optional) inputs Multi-View Feed-forward Reconstruction.  DUSt3R and

for MapAnything, allowing it to take advantage of auxiliary its metric follow-up MASt3R P9 predict a coupled scene
geometric inputs when available. For example, robotic ap-representation (i.e., cameras, poses, and geometry are pa-
plications [L, 15, 19, 27] may have knowledge of camera rameterized by a pointmap and need to be recovered post
intrinsics (rays) and/or extrinsics (poses). Finally, a signif- hoc) and require expensive post-processing & symmetric
icant bene t of our factored representation is that it allows inference to perform multi-view unconstrained SfM. Follow-
MapAnything to be effectively trained from diverse datasets Up work [10, 11, 39, 44] integrates MASt3R outputs into
with partial annotations, for example, datasets that may beclassical SfM and SLAM pipelines in a more principled

annotated with only non-metric “up-to-scale” geometry. In manner. Recent works like Spann35], CUT3R [69], and
summary, we make the following main contributions: MUSIt3R [6] remove the need for classical optimization and

) o i enable multi-view reconstruction via latent state memory in
1. Uni ed Feed-Forward Model for multi-view metric 3D yansformers. However, these works do not yet match the

reconstruction that supports more than 12 different prob-pe formance of traditional optimization applied to predicted
lem con gurations. The end-to-end transformer is trained two-view outputs from MASt3R [10, 39].

more ef ciently than_ anaive set of bespoke m(_)dels and Recently, MV-DUSt3R+ §6] and VGGT B7] demon-
leverages not only image inputs, but also optional geo- A .
S . ST - <~ strate multi-view inference by extending the DUSt3R ar-
metric information such as camera intrinsics, extrinsics, | . o . L
: : chitecture for multi-view reconstruction. Likewise, Reloc3r
depth, and/or metric scale factor, when available. o . :
[8] focuses on camera re-localization and directly predicts
2. Factored Scene Representatiothat exibly enables multi-view camera poses. MV-DUSt3R+ achieves this by
decoupled inputs and effective prediction of metric 3D parallelizing the cross-attention transformer to support dif-
reconstructions. Our model computes multi-view pixel- ferent reference views, leading to a signi cant increase in
wise scene geometry and cameras directly, without redun-computation, while VGGT employs an alternating attention
dancies or costly post-processing. transformer to predict multi-view pointmaps, depth, pose,
and features for tracking. FASt3R§] uses positional encod-
ing for long-sequence inference in LLMs for global attention
trained on a few views to work on a larger number of views.
More recently, 3 [74] ne-tunes VGGT to remove the use
4. Open Source Releasef (a) code for data processing, of the rstinput frame as reference coordinate.
inference, benchmarking, training & ablations, and (b)  In both MV-DUSt3R+ and FASt3R, the prediction is a
a pre-trained MapAnything model under the permissive coupled scene representation and cannot handle heteroge-
Apache 2.0 license, thereby providing an extensible & neous inputs. As shown in FASt3R, for the multi-view setup,
modular framework plus model to facilitate future re- the dense geometry prediction capabilities of the model are
search on building 3D/4D foundation models. impacted by the pose estimation across non-visible views

3. State-of-the-Art Performancecompared to other feed-
forward models, matching or surpassing expert models
that are tailored for speci c, isolated tasks.



Figure 2.0verview of the MapAnything Architecture. GivenN visual and optional geometric inputs, the model rst encodes the images

and the factored representation of the geometric inputs into a common latent space where the patch features (for images, rays & depth)
and broadcasted global features (for translation, rotation, pose scale across all pose inputs & depth scale local to each frame) are summed
together. Then, a xed reference view embedding is added to the rst view's features and a single learnable scale token is appended to the set
of N view patch tokens. These tokens are then input into an alternating-attention transformer. We use a single DPT to déodde the

patch tokens intdl dense outputs local to all the views. A single average pooling-based pose head also Nsggth@atch tokens to

predictN poses in the frame of view 1. Lastly, while these predictions exist in an up-to-scale space, the model passes the scale token through
an MLP to predict the metric scaling factor, which when coupled with the other predictions, provides the dense metric 3D reconstruction.

(see their Table 5 & Section 5.1). To alleviate this issue, Anything, quantities such as ray directions, origins, and
FASt3R predicts redundant pointmaps across all views with depth maps have been explored as conditioning inputs for
a dedicated DPT head for global and local pointmap predic-tasks like novel-view synthesi24, 35, 75, 8§, diffusion-
tion. Likewise, VGGT also predicts multiple redundant quan- based image generatioBf, 85], dynamic video depth es-
tities through two separate branches, one for pointmaps andimation [34], or 3D object shape completiof][ Taskon-
one for cameras and depth. While concurrent wofk[74], omy [83] explored the bene ts of multi-task learning for
ne-tunes VGGT to remove this redundancy by predicting improved vision task performance. Later works like Multi-
up-to-scale decoupled local pointmaps and global pose, weMAE [ 3] build on these insights and devise auto-encoders to
nd this design choice to be sub-optimal (see Table 5a). In support exible combination of heterogeneous inputs; how-
contrast, MapAnything directly predicts a completely fac- ever, this is not suitable for solving 3D reconstruction tasks.
tored representation, i.e., local ray directions, depth alongPow3R P3] was the rst work to incorporate known priors
the ray, global camera pose for all views, and a single metricas inputs to feed-forward 3D reconstruction. In contrast to
scaling factor for the scene. In this formulation, the task of us, Pow3R only supports two pinhole camera images with a
predicting ray directions (akin to camera calibration) and single focal length and centered principal point. Furthermore,
depth-along-ray estimation are per-view and thus can bePow3R builds on top of DUSt3R and cannot condition on
predicted from a single dense prediction head. metric scale information. In contrast, MapAnything supports

While prior work has paved the way for unconstrained &1y number of input views and has a exible input parame-
multi-view inference and large-scale training, they are all t€rization that supports metric scale and any camera with a
limited to only image inputs and modeling a simple pinhole central projection model.
camera. In contrast, MapAnything supports various 3D re-
construction and calibration tasks from multiple views with 3. MapAnything

heterogeneous inputs and a exible camera model. S )
MapAnything is an end-to-end model that takes as input

Geometry as Inputs or Conditioning. While not explic- N RGB imaged" =( f‘i){\‘zl and optional geometric inputs
itly used for feed-forward 3D reconstruction like in Map- corresponding to all or a subset of the input views:



(a) generic central camera calibratiod]63, 84] as ray with input translation and is also used to get the normal-

directionsR =( R )izs, ized translationd; =2,. Since we are interested in effectively

(b) poses in the frame of the rst vieW; as quaternions  exploiting the metric scale information from geometric in-
Q=(Qi)izs, and translationd =( T});2s,, and puts, MapAnything only uses the pose scale and depth scales
(c) ray depth for each pixéﬁ =( D, )i2 Sy when the poses and depths provided for speci ¢ frames are
whereS;; Sy; St; Sq are subsets of frame indicfls N 1. metric. Furthermore, the metric scale values can be large and
MapAnything maps these inputs to Birview factored drastically vary across scene sizes, hence, we log-transform

metric 3D output (as shown in Figure 2): scales before encoding them.

f mapanything [ [R; Q; T50]1 = fm; (Ri; Di; PN g, (1) We encode ray directions and normalized ray depths us-

wherem 2 R is the predicted global metric scaling factor, g @ shallow convolutional encodesd], where the spatial

and for each view, R; 2R3 H W are the predicted local ~ '€sizing only happens once with a pixel unshuf e of size
ray directionsD; 2 Rt H W are the ray depths in a up- 14 This projects the dense geometric inputs into the same

to-scale space (indicated by the tilde), @jd2 R* 4 is spatial and latent dimension as the DINOv2 features, i.e.,
. - . ’ . 1536 H=14 w=14 i
the pose of imag# in the frame of imagé}, represented ~ FrRiFD2 R™™ - For the global non-pixel quan-
as quaternioi; and up-to-scale translatiofj 2 R3. We tities, i.e, rotations (represented as unit quaternions), transla-
can further use this factored output to get the up-to-scalelion directions, depth and pose scales, we use a 4-layer MLP
local pointmaps (3D points corresponding to each pixel) asWith GeLU actlvat|on§6to project t_he quantities to features
C;= R D; 2R3 H W . Then, leveraging the rotation matrix FQ: FTi F2,: Fa, 2 R™%. Once all input quantities are en-
O (obtained fronQ;) and up-to-scale translation, we can coded, they are passed through layer normalization, summed
compute theN -view up-to-scale pointmaps in world frame together, and followed by another layer normalization to ob-
asXi= O [;+ T;. The nal metric 3D reconstruction for ~tain the nal per-view encodings fcigae(:sacnvivn_pztétsview. These
theN input views (in the frame of imagk) is given by ~ are then attened into tokerfsg 2 R3¢ (HWW=250),

X metic=m X fori2 [1;N]. We append a single learnable scale token to the set of
_ _ N view patch tokens and input the tokens into a multi-
3.1. Encoding Images & Geometric Inputs view transformer to allow information across multiple views

to attend to each other and propagate. We use a 16-layer

GivenN visual inputs and optional dense geometric inputs, . i : )
P P g P alternating-attention transformes] with 24 heads of multi-

we rst encode them into a common latent space. For images, . . .
we use DINOV2 (Apache 2.0%F]. Among a wide variety headed attention, a latent dimension of 1536 and an MLP
of pre-trained options, such as CroCov®]; DUSt3R's im- ratio of 4, initialized using the last 16 layers of DINOv2 ViT-

age encoder7?], RADIO [14, 48], and random-init linear G [31, 41]. To distinguish the reference view (i.e., the rst
patchi cation, we nd DINOV2 to be optimal in terms of one), we add a constant reference view embedding to the set

downstream performance, convergence speed, and generagI patch tokens corresp_o_ndmlg to \Qdagtdl_zor simplicity, we
ization (especially when ne-tuned with a small learning 90 MOt use Rotary Positional Embedding (RoPEj [We

rate). We use th24th layer normalized patch features from nd that the patch-level positional encoding from DINOv2
DINOV2 ViT-G, F, 2 R153 H=14 W=14 suf ces, and RoPE leads to unnecessary biases, given that it

MapAnything can also encode other geometric quantities.Was originally applied in every attention layer.

Before feeding these geometric quantities to our network, we . _—
factorize therg to enagble training and inference across both3'2' Factored Scene Representation Prediction
metric and up-to-scale quantities. To support use cases wher@®nce the multi-view transformer fuses information across
only rotation or translation might be individually present (for different views and outputs tHe -view patch tokens and
e.g., IMU & GPS priors) and to deal with the entanglement scale token, MapAnything further decodes these tokens into
of translation with scale, we encode rotation and transla-factored quantities representing the metric 3D geometry. In
tion separately. Furthermore, since we don't assume depth &particular, we use a DPT head] to decode theN -view
pose to always be provided together as input, we decouplepatch tokens intdl dense per-view outputs, i.e., ray direc-
their normalization (note that this is separate from the train-tionsR; (normalized to unit length), up-to-scale ray depths
ing objective where we normalize predicted depth & pose Dj, maskdM; representing non-ambiguous classes for depth,
together since we want multi-view consistency). and world-frame pointmap con dence ma@s. Further-

In particular, when provided, the ray depths are rst de- more, we input theN -view patch tokens into an average
coupled into average per-view defth 2 R* and normal-  pooling-based convolutional pose heéitp predict the unit
ized ray depth&); =2 . Furthermore, when translatiois guaternion®); and up-to-scale translatioifs. Finally, the
are provided, MapAnything computes the pgse scale as thescale token is passed through a 2-layer MLP with ReLU acti-
average distance to the world franfg= ﬁ i25s, kTik. vations to predict the metric scaling factor. Since the metric
This pose scale is used as the same input for all framesscale of a scene can vary vastly, we exponentially scale the



prediction to obtain the metric scaling factor. As shown in Training for Image & Geometric Inputs:  To enable one-
Table 5a, we nd that this decoupling of scale prediction is shot training of a universal model that supports various input
critical to achieving universal metric feed-forward inference. con gurations, we provide additional geometric inputs to the
Finally, as mentioned earlier, these factored predictions canmodel with varying selection probabilities during training.
be used together to obtain the metric 3D reconstruction.  Speci cally, we use an overall geometric input probability
of 0.9, where each individual factorization, i.e., ray direc-
3.3. Training Universal Metric 3D Reconstruction tions, ray depth, and pose, has an input probability of 0.5

We train MapAnything end-to-end using multiple losses each. V_\/_henever qlepth is selected as input, there is an equal
depending on the available supervision. Since ray direc-Probability of providing dense depth or 90% randomly spar-

tionsR; and pose quaternio@i do not depend on scene si ed depth. For robustness and exibility in terms of which
cale, their l0Sses arkjays= N kB RkandL = views have geometric information available as input, we
' i=1 -

iN—l min(k®, Qik:k & Qik). This accounts for the use a per-view input probability of 0.95 and do not provide

_ . . . __metric scale factors as input for metric-scale ground-truth
two-to-one mapping of unit quaternions, and the regression . o . )
loss is similar to a geodesic angular distance datasets with a probability of 0.05. We provide further details

) ' regarding the training setup in the supplement.

For the predicted up-to-scale ray deplhs pose transla- 9 9 . g P _ PP . _
tionsT;, local pointmap<; and world frame pointmapg;, ~ Datasets: We train MapAnything on 13 high-quality
we follow DUSt3R [72] and use the ground-truth validity ~datasets (see Table 1) with diversity across indoor, outdoor,
masksV; to computs the scaling factors for the ground truth and in-the-wild scenes. For ScanNet++ v2 and TartanAirv2-
A= k()@i VDN, k:P iN=1 V; and the up-to-scale predictions WB, we split the scenes into a training, validation, and a
2= k(K VDN, k= _Nl V;. Likewise, to ensure that gradi- held-out test set, while other datasets are split into train-

1= 1= . ’ . . . . . ..

ents from the scale loss do not in uence the geometry, we iNg qnd validation. While MPS.D is originally a monocul_ar
use the predicted metric scaling factorand detached up- metric depth dataset, we acquire the pose and camera infor-
to-scale norm scaling factarto compute the metric norm mation to enable a real-world multi-view metric scale dataset
scaling factoz™t°= m sg(@), wheresgindicates stop-grad. with 72K scenes. We open-sourced this MPSD metadata

Given these scaling factors we compute the scaleto enable future research. We release two pretrained mod-
invariant translation loss as[ranslatio,n: N k=2 T =2k els: one licensed under Apache 2.0 trained on six datasets,

i=1 . . . .

We nd that it is critical to apply losses in log-space for ray 2nd one licensed under CC BY-NC 4.0 trained on an addi-

depths, pointmaps and the metric scale factor. Speci Ca”y'tional seven data;ets (§ee Table 1). We provide comparisons
we usefog: X | (x=kxk) log(1+kxk). Thus, the loss for between both variants in the supplementary.

the ray depths i& gepih= iN:l Kf 10g (Di=2) flog (Di=2)k. Multi-View Sampling:  For each dataset, we exhaustively

|3ikewise, the loss for the local pointmaps lispm = precompute the pairwise covisibility of all images in a scene
iN:1 kf ,Og(ﬁi =2) fiog (Ci=2)k. We exclude the top 5% using a reprojgction error check bas.ed on ground-truth Qe.p'th

of per-pixel loss values to ignore imperfections and poten-and pose. During training, we use this precomputed covisibil-

tial outliergin the training data. Similar to DUSI3R, we add ity with a selected covisibility threshold of 25% to perform

L pointmap=  j=1 (Cikf log ()el =2) f log (Xi=pk log(C)) . . .

as a con dence-weighted pointmap loss. Lastly, the factored Table 1.Datasets used for training and testing MapAnything.

metric scale 10ss is given Byscaie= Kf og (2)  fiog (2™ O)K. Dataset

License # Scenes  Metric
To capture ne detalls,_ we also employ a normal Ios_s BlendedMVS [50] CCBY 40 293 7
L nhormat [ 70] on the local pointmaps, and a multi-scale gradi-  Mapillary Planet-Scale Depth [36]  CC BY-NC-$A 71428 3
ent matching losk gu [47, 79 on the log of thez-depth in ggﬁﬂg?;]* v2[81] C”ggamomerda' e 3
the local pointmaps. Since the geometry from real datasets Tartanairv2-ws [73, 86] CCBY 4.0 49 3
can be coarse and noisy, we apply thgmaandL gy losses UnrealStereo4K [59] MIT 9 3

i i _ ; Additionally used for our CC BY-NC model:

only to synthetic dataset;. For the predicted non-ambiguous = Synthetic Environments [2]  Non-commercial 103,800 3
class masks, we use a binary cross entropy loggs{). DL3DV-10K [32] CCBY-NC 4.0 10,109 7
H . Dynamic Replica [25] Non-commercial 523 3
Overall, we use the following total loss: MegaDepth [30] CCBY 49 269 7
L=10 L pointmapT Lrays+ Lot + Liranslation™ Ldepth MVS-Synth [21] Non-commercial 120 3
(2) ParallelDomain-4D [62] Non-commercial 1528 3
+ Lipm * Lscaet Lnormait Lem +0:1 L mask SAIL-VOS 3D [20] Non-commercial 171 3

For the factored predictions, we nd that up-weighting the  unique held-out scenes for dense up-to-N-view benchmarking:

H ~ H : H ETH3D [54] CCBY-NC-SA 4.0 13 3
global pomtmap loss and d0\_/vn weighting the mask Ioss_ls ScanNet++ v2 [81] Non-commerchal 0 3
bene cial. For all the regression losses, we use an adaptive Tartanairv2-wB [73, 86] CCBY 4.0 5 3

robust loss ‘H (With parameters =0:05and =0 :5) to 1 We obtained approval from the dataset owners that allows training and model release
help with robustness to outliers. under a permissive license.? Crowd-sourced images with varying licenses.




Figure 3.Qualitative comparison of MapAnything to VGGT [ 67] using only in-the-wild images as input.For a fair comparison, we
apply the same normal-based edge mask post-processing and our sky mask to both methods. MapAnything more effectively deals with large
disparity changes, seasonal shifts, textureless surfaces, water bodies and large scenes.

random walk sampling. This enables us to sample randomputs from MapAnything (using only images as input) display
single-connected component graphs of covisible views thathigh delity, as shown in Figure 3.

have varying coverage and mutual information. . .
Two-View Dense Reconstruction: We benchmark sparse-

4. Benchmarking & Results view reconstruction and image-matching performance
against state-of-the-art feed-forward baselines in Table 2.
In this section, we benchmark MapAnything across a wide MapAnything achieves state-of-the-art performance using
suite of 3D vision tasks. For each task, we compare againstonly images as input. With additional input modalities, Map-
expert baselines speci cally designed or trained for the task.Anything signi cantly outperforms both image-only base-
We perform all experiments with a constant seed. lines and Pow3RZ3), the only other two-view feed-forward
Multi-View Dense Reconstruction: We benchmark the ~ Method that uses scene or camera priors.
perf_ormance of p.ointmaps, pose, depth & ray direction eSti'SingIe-View Calibration:
mation on an undistorted version of ETH3B4], ScanNet++
v2 [81], and TartanAirV2-WB 3, 86], where, for each test
scene, we randomly sample upNoviews that form a sin-

We benchmark the single-view
calibration performance of MapAnything and other expert
calibration baselines on randomly sampled frames from the

| d h based h éest scenes of undistorted ETH3D [54], ScanNet++ v2 [81],
gle connected component graph based on the pre-Computeg, y roranajry2 ¥ 3]. To test non-centered principal points,

pairwise covisibility of all images in the scene (this prevents we randomly crop frames with aspect ratios from 3:1 to
disjoint sets of images as input). Figure 4 shows that Map-1 ., pegpite not being trained speci cally on single images,

Anything provides state-of-the-art dense multi-view recon- .\ 2 <hows that MapAnything achieves state-of-the-art

_structpn Ipedr_forr?/aenéi overé)ther Zaiellnesf using only '_mageperformance for perspective calibration. This demonstrates
input, including B7). Beyond the performance using 10 anvthing's effectiveness in modeling generic central

only Images as input, we show th_at.MapAnythmg can lever- camera systems and its potential to generalize to wide-angle
age additional auxiliary geometric inputs for feed-forward models like sheye with appropriate training

inference to further increase reconstruction performance by

a signi cant factor. Furthermore, we nd that MapAnything Monocular & Multi-View Depth Estimation:  In Table 4,

is better than the bundle adjustment (BA) variant of the we benchmark MapAnything against specialized models for
two-view baseline, Pow3R2[], which is also designed to  single-view and multi-view depth estimation across various
leverage scene priors. We also nd that reconstruction out-inputs. In the RMVD benchmark, note that we don't use
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