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Figure 1. MoE sparks 3D visual geometry Reconstruction to do MoRE. MoRE is a feed-forward foundation model that leverages mixture-
of-experts in 3D visual geometry reconstruction. MoRE takes unposed images as input and outputs high-quality 3D pointmap, achieving
robust geometric predictions for various scenarios.

Abstract

Recent advances in language and vision have demonstrated
that scaling up model capacity consistently improves per-
formance across diverse tasks. In 3D visual geometry re-
construction, large-scale training has likewise proven ef-
fective for learning versatile representations. However, fur-
ther scaling of 3D models is challenging due to the com-
plexity of geometric supervision and the diversity of 3D
data. To overcome these limitations, we propose MoRE,
a dense 3D visual foundation model based on a Mixture-
of-Experts (MoE) architecture that dynamically routes fea-
tures to domain-specific experts, allowing them to spe-
cialize in complementary data aspects and enhance both
scalability and adaptability. Aiming to improve robust-
ness under real-world conditions, MoRE incorporates a

∗ Equal contribution † Project leader ‡ Corresponding author

confidence-based depth refinement module that stabilizes
and refines geometric estimation. In addition, it integrates
dense semantic features with globally aligned 3D backbone
representations for high-fidelity surface normal prediction.
MoRE is further optimized with tailored loss functions to
ensure robust learning across diverse inputs and multiple
geometric tasks. Extensive experiments demonstrate that
MoRE achieves state-of-the-art performance across multi-
ple benchmarks and supports effective downstream applica-
tions without extra computation.

1. Introduction
Traditional methods for 3D visual-geometry reconstruction
typically rely on scene-specific optimization, where mod-
els are trained for each environment or dataset. Although
such pipelines can achieve high accuracy in restricted set-
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tings, they lack the flexibility required by real-world appli-
cations that demand strong geometric priors and consistent
performance across diverse scenes like AR/VR, game con-
tent creation, robotics, and autonomous driving. To over-
come these limitations, researchers draw inspiration from
recent foundation models such as GPTs [1, 72], CLIP [42],
DINO [8, 38, 50], and Stable Diffusion [12], which demon-
strate that scaling data and model capacity enables highly
versatile representations across diverse tasks. Following
this paradigm, the field of 3D visual geometry recon-
struction is moving beyond task-specific optimization to-
ward scalable and generalizable architectures. These mod-
els [7, 10, 13, 21, 29, 52, 54, 56–59, 68, 75, 76] demonstrate
the potential of feed-forward networks to enable joint 3D
geometric prediction across diverse input configurations.

Notably, a key factor behind the success of these mod-
els is large-scale training, with evidence showing that in-
creasing model capacity consistently yields stronger results
across domains. In the field of LLMs, scaling up Trans-
formers has led to remarkable gains [1, 6, 20, 53], albeit at
the cost of substantial computational resources. A similar
scaling behavior is observed in vision, where the progres-
sion from DINOv2 [38] to DINOv3 [50] highlights the ben-
efits of enlarging model capacity for representation learn-
ing. The same principle naturally extends to 3D visual ge-
ometry: training larger networks on larger-scale datasets
can potentially improve accuracy across multiple 3D geo-
metric prediction tasks. However, scaling 3D models is ar-
guably even more demanding due to the complexity of geo-
metric supervision and heterogeneous nature of 3D data.

To address these challenges, we draw inspiration from
the Mixture-of-Experts (MoE) framework, which has
proven effective in scaling neural networks [9, 11, 15, 28,
41, 65–67]. MoE activates only a subset of experts for each
input, enabling model capacity to expand without a propor-
tional increase in computation. This mechanism enables ex-
perts to specialize in complementary aspects of the data, im-
proving both scalability and adaptability. Such specializa-
tion is particularly valuable for 3D geometry reconstruction,
where scenes vary widely across indoor, outdoor, object-
centric, human-centric, and dynamic environments. By ex-
ploiting expert specialization within a unified framework,
MoE provides a principled way to scale 3D geometry mod-
els effectively while maintaining computational efficiency.

In this paper, we introduce MoRE, a large-scale 3D vi-
sual foundation model that unifies 3D visual geometry re-
construction with the Mixture-of-Experts paradigm. MoRE
builds upon a dense visual transformer backbone and dy-
namically routes features to domain-specialized experts, en-
abling the model to learn adaptive and complementary rep-
resentations for different 3D scenarios. To enhance geo-
metric reliability, we incorporate a confidence-based depth
refinement module that mitigates noise and inconsistency in

real-world data. Furthermore, we fuse dense semantic fea-
tures with globally aligned 3D representations to achieve
more consistent and detailed surface normal estimation.
Joint optimization across multiple 3D quantities is achieved
through tailored loss functions that ensure stability and con-
vergence during large-scale training. Extensive experiments
demonstrate that our approach achieves highly accurate 3D
reconstruction and sets new state-of-the-art results across
multiple benchmarks.

In summary, we make the following contributions:
• We introduce MoRE, a dense 3D visual foundation model

that leverages the mixture-of-experts framework in 3D
geometric predictions and demonstrates high-quality per-
formance in various 3D scenarios.

• We propose dense semantic feature fusion with
confidence-based depth refinement to enhance the con-
sistency and precision of 3D geometry estimation.

• Extensive experiments on various benchmarks showcase
our state-of-the-art 3D geometric predictions.

2. Related Work

2.1. Feed-Forward 3D Reconstruction

With the advent of deep learning, feed-forward paradigms
have emerged as a compelling alternative to traditional
optimization-based pipelines for 3D reconstruction [3, 4,
17, 18, 26, 32, 34–37, 40, 45, 55, 61, 69, 70, 74, 77].
These methods exploit neural networks to encode strong
scene priors, enabling direct regression of 3D structure
from raw image inputs and improving robustness and gen-
eralization across datasets. Early progress was exempli-
fied by DUSt3R [59], which produced pairwise-consistent
point maps without calibration. However, its reliance
on pairwise predictions necessitated a global alignment
stage for larger scenes. Subsequent extensions introduced
mechanisms to alleviate these limitations. MASt3R [29]
incorporated confidence-weighted objectives to approxi-
mate metric scale, and Fast3R [68] scaled inference to
thousands of views, thereby obviating alignment entirely.
Other approaches aimed to reformulate the task, such as
FLARE [76], which decouples pose estimation from ge-
ometry prediction. More recently, large-scale transformer
models [7, 13, 21, 52, 54, 56, 57] like VGGT have advanced
the state of the art by jointly predicting intrinsic and extrin-
sic parameters, dense depth, point maps, and feature cor-
respondences. Subsequent approaches [10, 62, 63] further
enhanced stability and accuracy through more sophisticated
strategies. Despite these advances, existing feed-forward
frameworks remain limited in scalability and generaliza-
tion. Our approach tackles these issues by incorporating
mixture-of-experts architecture, enabling more accurate and
high-fidelity reconstruction.
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Figure 2. Overview of MoRE. We propose MoRE, a dense visual foundation model featuring a mixture-of-experts architecture and multiple
task-specific heads for geometric prediction. We adopt a two-stage strategy during the model training. In Stage 1, we supervise our model
with the multi-task training objectives. In Stage 2, we incorporate mixture-of-experts to further train the model for robust and accurate
visual geometry reconstruction.

2.2. Mixture-of-Experts Framework

Recent large language models (LLMs) increasingly adopt
the mixture-of-experts (MoE) framework to address the
high computational cost of densely activated Transformers.
As demonstrated by several early approaches [23, 47, 64],
MoE achieves substantial efficiency gains while maintain-
ing competitive performance by activating only a small
subset of parameters during inference. Beyond efficiency,
MoE [33, 60] has also been utilized for modality special-
ization, where different modalities are routed to dedicated
experts. Several works [30, 31, 43, 79] have also explored
converting pretrained dense LLMs into MoE models, com-
bining the strengths of existing LLMs with the scalabil-
ity and efficiency advantages of MoE. To further improve
the performance across diverse downstream tasks, recent
approaches [9, 65–67] have leveraged fine-grained expert
segmentation and shared experts routing. Inspired by the
effectiveness of MoE in improving prediction across di-
verse data domains, we propose a 3D foundation model
built upon the MoE framework. Since 3D geometric recon-
struction encompasses highly diverse data distributions, our
approach leverages MoE to adaptively model such diversity
and achieve robust geometric prediction.

3. Method

This work aims to build an end-to-end framework for pre-
dicting various 3D geometric quantities from unconstrained
images input. Our approach consists of three main compo-
nents. First, we employ a dense visual transformer back-
bone to extract features that adapt to unconstrained input
requirements (Sec. 3.1). Second, we introduce a mixture-
of-experts (MoE) mechanism into the geometric prediction
pipeline, allowing the model to effectively enhance both ac-
curacy and scalability and dynamically allocate its capac-

ity across different scenarios (Sec. 3.2). Finally, we de-
velop specialized training strategies that stabilize optimiza-
tion and further improve the generalization of the learned
representations to various tasks (Sec. 3.3). With these com-
ponents, our proposed model MoRE can flexibly adapt to
varying input scenarios while achieving strong performance
across a wide range of 3D geometric vision problems.

3.1. Model Architecture
Inspired by recent progress in 3D vision [13, 24, 54, 62], our
goal is to develop a foundation model that can predict a vari-
ety of geometric quantities across diverse scenes and tasks.
To achieve this, we employ a dense visual transformer back-
bone trained on large-scale 3D annotated datasets. Given a
sequence of N RGB images (Ii)Ni=1 ∈ R3×H×W , MoRE’s
dense visual transformer is a function f that maps the input
to a corresponding set of 3D quantities per frame:

(Ci, Pi, Di, Ti, Ni, )
N
i=1 = f((Ii)

N
i=1), (1)

where Ci ∈ R9 is the camera parameters including both
intrinsics and extrinsics, Pi ∈ R3×H×W is the pointmap,
Di ∈ RH×W is the depth map, Ti ∈ RC×H×W is a grid
of C-dimensional features for point tracking, and Ni ∈
R3×H×W is the normal map. Apart from the pointmap
head, depth head, camera head and tracking head imple-
mented by VGGT [54], we additionally implement a normal
prediction head to facilitate normal map estimation. We fur-
ther design a confidence-based depth refinement for more
accurate monocular depth estimation.
Confidence-based Depth Refinement. Real-world depth
training data often contain noise and missing measure-
ments, which can cause models to overfit unreliable depth
ground truth and harm estimation accuracy. However, a
state-of-the-art monocular model [58] with refined train-
ing data still produces reasonably accurate results as shown
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Figure 3. Real-world depth comparison. We present the ground-
truth depth, prediction from MoGe, the confidence mask and our
prediction after training with confidence-based depth refinement.

in Fig. 3. To further leverage this insight, we design a
confidence-based depth refinement to filter depth supervi-
sion. Specifically, we utilize MoGev2 [58] to compute the
confidence masks for each depth sample:

Mconf =

{
|Dmoge −Dgt|
max(Dgt, α)

< τ

}
, (2)

where Dgt is the ground-truth depth maps and Dmoge is the
aligned depth map predicted by MoGev2. We set α = 0.5 to
prevent instability from small depth values, and use τ = 0.1
as the threshold. The resulting mask is then used to filter out
low-confidence, noisy, or incomplete measurements from
the ground-truth depth. We incorporate this into the training
by adding a prior-guided depth term to the overall depth loss
Lvggt

depth from VGGT [54]:

Lp
depth = Lgrad(D̂

Mconf , DMconf
moge ),

Ldepth = Lvggt
depth + Lp

depth

(3)

where D̂Mconf denotes the predicted depth maps masked by
the confidence prior, and DMconf

moge corresponds to the filtered
depth prediction from MoGe. Lgrad is the gradient-based
loss as implemented in VGGT. By restricting supervision
only to high-confidence regions, our model can avoid over-
fitting to corrupted data, thereby achieving more accurate
and stable depth estimation.
Dense Semantic Feature Fusion. While monocular or
binocular models [13, 29, 57–59] can produce sharp and
detailed geometry for a single view, multiview models tend
to favor smoother predictions to preserve 3D consistency,
which leads to the loss of fine geometric details. To address
this, we fuse the globally aligned 3D feature f3d from the
backbone with dense semantic features fs extracted from
each input image using DINOv2 [38], providing additional
local geometry cues that help produce sharper and more
accurate predictions. These two features are concatenated
along the feature dimension and passed through the DPT
heads to regress the final depth and surface normals:

fn = f3d ⊕ fs, (4)

where fn is the input feature of the normal prediction head.
We empirically validated this claim in the ablation study.

3.2. Mixture-of-Experts Design
Leveraging large vision models to predict multiple 3D ge-
ometric quantities has proven to be effective for several
downstream tasks. However, a single decoder feature may
be insufficient to capture the varying domain characteris-
tics of different 3D scenarios. To address this limitation, we
draw inspiration from the Mixture-of-Experts (MoE) frame-
work, which has shown strong scalability and efficiency in
large language models [9, 41, 65–67]. In the MoE design,
multiple experts act as independent sub-networks trained to
capture distinct aspects of the data. Building on this idea,
we propose an MoE framework for 3D geometric vision as
demonstrated in Fig. 2. This framework dynamically routes
features to domain-specific experts, allowing the backbone
to learn specialized representations and achieve substantial
improvements across different domains. Subsequently, we
formulate the MoE forward pass and training objectives to
fully leverage the MoE framework in 3D visual geometry
reconstruction.
MoE Forward-Pass. Within the MoE framework, an MoE
layer serves as a modular component that enables con-
ditional computation and expert specialization. A typi-
cal MoE layer comprises multiple feed-forward networks
(FFNs), each serving as an expert. For initialization, we
replicate the FFNs from the alternating attention structure
(global and frame attention) to construct an ensemble of ex-
perts εi. A router is then employed to predict the assignment
probability of each token to the corresponding experts. In
our framework, the router is implemented as a linear layer,
and the routing process can be expressed as:

P(x)i =
ef(x)i∑E
j ef(x)j

, (5)

where E represents the number of experts and f(x) = W ·x
is the weight logits produced by the router, and the W de-
notes the lightweight training parameters. Each token is
then processed by the top-K experts with the highest as-
signment probabilities, and the final representation is ob-
tained as the weighted sum according to these probabilities:

MoE(x) =

K∑
i=1

P(x)i · ε(x)i. (6)

MoE Training Objectives. Since integrating multiple ex-
perts may lead to uneven expert utilization, it is necessary
to apply load-balancing constraints to the MoE layer to reg-
ularize training. We therefore incorporate the differentiable
load-balancing loss [14, 31] in each MoE layer to encourage
all experts to process tokens in a balanced manner:

Lmoe = E ·
E∑
i=1

Fi · Gi, (7)
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where Fi denotes the fraction of tokens processed by each
expert εi, and Gi represents the average routing probability
of εi, which can be formulated as:

F =
1

K

E∑
i=1

1{argmaxP(x) = i},

G =
1

K

K∑
i=1

P(x)i.

(8)

3.3. Multi-task Training Objectives
Building on the training objectives of VGGT [54], we ini-
tially employ the pointmap loss Lpoints, the camera loss
Lcam, and the tracking loss Ltrack. We then introduce the
depth loss Ldepth after our confidence-based depth refine-
ment and additional loss terms to further improve the accu-
racy and generalization of the model.
(1) Local Point Loss Lpts local. Monocular geometry estima-
tion often suffers from focal-distance ambiguity. To address
this, we employ an additional local point loss to improve
monocular depth estimation following [57, 62]. Given each
image Ii, a local point map P̂i is formed based on the pre-
dicted depth and focal parameters following VGGT [54].
During training, this predicted point map can be aligned
with the ground truth point map by solving for a single op-
timal scale factor ŝ that minimizes the depth-weighted L1

distance over the entire image sequence. The optimization
problem is formulated as:

ŝ = argmin
s

N∑
i=1

H×W∑
j=1

1

zi,j
∥sp̂i,j − pi,j∥1, (9)

where p̂i,j ∈ R3 denotes the predicted 3D point at index j

of the point map P̂i, and pi,j is the corresponding ground-
truth in Pi. The term zi,j corresponds to the ground-truth
depth, which is the z-component of xi,j . Finally, the local
point cloud reconstruction loss Lpoints is defined based on
the optimal scale factorŝ:

Lpts local =

N∑
i=1

H×W∑
j=1

1

zi,j
∥ŝx̂i,j − xi,j∥1. (10)

(2) Point Normal Loss Lpts n. To encourage the reconstruc-
tion of locally smooth surfaces, we employ the normal loss
proposed by MoGe [57]. For each point X̂i in the predicted
point map, its normal vector n̂i,j is computed from the cross
product of the vectors to its neighboring points on the im-
age grid. The predicted normals are then supervised by
minimizing the angular difference with their corresponding
ground-truth normals ni,j :

Lpts n =

N∑
i=1

H×W∑
j=1

arccos (n̂i,j · ni,j) . (11)

(3) Predicted Normal Loss Ln. In addition to the pointmap
normal loss, we introduce a predicted normal loss to super-
vise the normal head, which is responsible for predicting
view-space normals:

Ln = L1(N, N̄), (12)

where N is the ground-truth normal and N̄ is the view-
space normal produced by the normal prediction head.

3.4. Model Training
We train our model end-to-end using the following multi-
task training objective:

L = Lpts + Lcam + Ldepth + λtrackLtrack

+ λmoeLmoe + λpts localLpts local + λpts nLpts n + λnLn
(13)

Our model is trained on a diverse dataset with varying levels
of quality. Consequently, inaccurate annotations can occa-
sionally cause unstable loss spikes during the training pro-
cess. To mitigate this issue, we implement an adaptive loss
strategy to stabilize training. Specifically, we maintain
a sliding window of recent loss values and compute their
mean µ and standard deviation σ. A dynamic threshold TL

is then defined following the k-sigma rule:

TL = µL + kσL, (14)

where we set k = 3 by default in our experiments. If the
current loss exceeds this threshold Lcur > TL, it is con-
sidered an outlier and clipped to the threshold. This en-
sures that the training is guided by the typical distribution
of losses rather than being dominated by rare extreme val-
ues. By continuously updating the loss history and applying
this strategy, we effectively mitigate optimization instability
while preserving the overall learning dynamics.

As for implementation details, we train our model based
on the pretrained VGGT checkpoint and set the hyperpa-
rameter as follows: λmoe = 0.01, λpts local = 0.5, λpts n =
1.0, λn = 1.0. We adopt the same training dataset as VGGT
and extend it with an internal dataset that spans indoor, out-
door, object-centric, human-centric, and dynamic scenes.

4. Experiments
We compare our method to state-of-the-art approaches on a
variety of 3D geometric prediction tasks to demonstrate its
effectiveness and robustness.

4.1. Pointmap Estimation
For pointmap evaluation, we evaluate the model on the
object-centric DTU [22] and scene-level ETH3D [46]
datasets, sampling keyframes every 5 images. We fur-
ther follow the evaluation protocols from [56, 62] and as-
sess the quality of reconstructed multi-view point maps on
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Figure 4. Qualitative comparison of multi-view 3D reconstruction. Our method demonstrates superior accuracy and robustness across
diverse scenarios compared to previous feed-forward approaches.

the 7-Scenes [48] and NRGBD [2] datasets. Keyframes
are selected with a stride of 200 for 7-Scenes and 500
for NRGBD. The predicted point maps are first aligned to
the ground truth using the Umeyama algorithm for coarse
Sim(3) alignment, and then refined using Iterative Clos-
est Point (ICP). We report Accuracy (Acc.), Completion
(Comp.), and Normal Consistency (N.C.) in Tables 1. We
also present qualitative comparisons for pointmap estima-
tion in Fig. 4. The results demonstrate the effectiveness
of our method across various 3D reconstruction scenarios
and show consistently high performance in both sparse-
view and dense-view settings. It is noteworthy that Pi3 [62]
often produces “checkerboard” artifacts due to insufficient
learning in its transformer architecture. VGGT [54] and
Fast3R [68] tend to yield less accurate reconstructions and
struggle to generalize across scenarios. In contrast, our
method reconstructs geometry that is both accurate and spa-
tially consistent across diverse conditions.

4.2. Monocular Depth Estimation
For monocular depth estimation, we benchmark on Sin-
tel [5], Bonn [39], and NYUv2 [49] and adopt Absolute Rel-
ative Error (Abs Rel ↓) and threshold accuracy (δ < 1.25 ↑)
as evaluation metrics [57, 62, 75]. As reported in Tab. 2, our
method achieves high-quality results among multi-view ap-

proaches and it demonstrates comparable performance with
monocular depth estimation model [57, 58].

4.3. Camera Pose Estimation
For camera pose estimation, we utilize both angular accu-
racy and distance error for evaluation.
Angular Accuracy Metrics. We evaluate predicted poses
on the scene-level RealEstate10K [78] and object-centric
Co3Dv2 [44] datasets following VGGT [54]. For each se-
quence, we randomly sample 10 images and form all pos-
sible pairs. We then compute angular errors of relative ro-
tations and translations, reporting Relative Rotation Accu-
racy (RRA ↑) and Relative Translation Accuracy (RTA ↑).
We also report a unified metric as the Area Under the Curve
(AUC ↑) of the min(RRA, RTA)–threshold curve. Results
in Tab. 3 demonstrate that our method sets a new state of
the art on RealEstate10K in the zero-shot setting, while re-
maining competitive with the best-performing methods on
the in-domain Co3Dv2 benchmark.
Distance Error Metrics. We further assess performance
using Absolute Trajectory Error (ATE ↓), Relative Pose
Error for translation (RPE trans ↓), and rotation (RPE rot
↓), following CUT3R [56] using the benchmarks TUM-
Dynamics [51].. Predicted trajectories are first aligned with
ground truth via a Sim(3) transformation before error com-
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Method

DTU [22] ETH3D [46] 7-Scenes [48] NRGBD [2]

Acc. ↓ Comp. ↓ N.C. ↑ Acc. ↓ Comp. ↓ N.C. ↑ Acc. ↓ Comp. ↓ N.C. ↑ Acc. ↓ Comp. ↓ N.C. ↑

Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med.

Fast3R [68] 3.340 1.919 2.929 1.125 0.671 0.755 0.832 0.691 0.978 0.683 0.667 0.766 0.038 0.015 0.056 0.018 0.645 0.725 0.072 0.030 0.050 0.016 0.790 0.934
CUT3R [56] 4.742 2.600 3.400 1.316 0.679 0.764 0.617 0.525 0.747 0.579 0.754 0.848 0.022 0.010 0.027 0.009 0.668 0.762 0.086 0.037 0.048 0.017 0.800 0.953
FLARE [76] 2.541 1.468 3.174 1.420 0.684 0.774 0.464 0.338 0.664 0.395 0.744 0.864 0.018 0.007 0.027 0.014 0.681 0.781 0.023 0.011 0.018 0.008 0.882 0.986
VGGT [54] 1.338 0.779 1.896 0.992 0.676 0.766 0.280 0.185 0.305 0.182 0.853 0.950 0.022 0.008 0.026 0.013 0.663 0.757 0.017 0.010 0.015 0.005 0.893 0.988
Pi3 [62] 1.198 0.646 1.849 0.607 0.678 0.768 0.194 0.131 0.210 0.128 0.883 0.969 0.015 0.007 0.022 0.011 0.687 0.790 0.015 0.008 0.013 0.005 0.898 0.987
Ours 1.011 0.584 1.482 0.619 0.695 0.782 0.234 0.141 0.265 0.141 0.868 0.970 0.015 0.006 0.026 0.010 0.694 0.797 0.012 0.006 0.015 0.005 0.907 0.992

Table 1. Point Map Estimation. Keyframes are selected every 5 images for DTU and ETH3D, 40 images for 7-Scenes and 100 images
for NRGBD. We present the accuracy (Acc.), completion (Comp.) and normal consistency (N.C.) as the evaluation metrics with each cell
colored to indicate the best and the second .

Method
Sintel [5] Bonn [39] NYU-v2 [49]

Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑

DUSt3R [59] 0.488 0.532 0.139 0.832 0.081 0.909
MASt3R [29] 0.413 0.569 0.123 0.833 0.110 0.865
MonST3R [75] 0.402 0.525 0.069 0.954 0.094 0.887
Fast3R [68] 0.544 0.509 0.169 0.796 0.093 0.898
CUT3R [56] 0.418 0.520 0.058 0.967 0.081 0.914
FLARE [76] 0.606 0.402 0.130 0.836 0.089 0.898
VGGT [54] 0.335 0.599 0.053 0.970 0.056 0.951
MoGe [57] 0.273 0.695 0.050 0.976 0.055 0.952
Pi3 [62] 0.277 0.614 0.044 0.976 0.054 0.956
Ours 0.274 0.620 0.050 0.977 0.051 0.957

Table 2. Monocular Depth Estimation on Sintel, Bonn, and
NYU-v2. We present the absolute relative error (Abs Rel) and
threshold accuracy (δ < 1.25) as the evaluation metrics with each
cell colored to indicate the best and the second .

Method
RealEstate10K [78] Co3Dv2 [44] TUM-dynamics [51]

RRA@30 ↑ RTA@30 ↑ AUC@30 ↑ RRA@30 ↑ RTA@30 ↑ AUC@30 ↑ ATE ↓ RPE trans ↓ RPE rot ↓

Fast3R [68] 99.05 81.86 61.68 97.49 91.11 73.43 0.090 0.101 1.425
CUT3R [56] 99.82 95.10 81.47 96.19 92.69 75.82 0.047 0.015 0.451
FLARE [76] 99.69 95.23 80.01 96.38 93.76 73.99 0.026 0.013 0.475
VGGT [54] 99.97 93.13 77.62 98.96 97.13 88.59 0.012 0.010 0.311
Pi3 [62] 99.99 95.62 85.90 99.05 97.33 88.41 0.014 0.009 0.312
Ours 99.98 95.47 86.28 99.08 97.36 88.42 0.010 0.009 0.305

Table 3. Camera Pose Estimation on RealEstate10K, Co3Dv2
and TUM-dynamics. We present the metrics that measure the
ratio of angular accuracy of rotation/translation under an error of
30 degrees for RealEstate10K and Co3Dv2. We also present the
distance error of rotation/translation for TUM-dynamics with each
cell colored to indicate the best and the second .

putation. As reported in Tab. 3, our method delivers more
accurate results than previous approaches across both syn-
thetic and real-world scenarios.

4.4. Normal Estimation

For normal estimation, we evaluate our model on sev-
eral benchmark datasets spanning both indoor and outdoor
scenes. We compare against Magrigold [25], Lotus [19],
GeoWizard [16], and StableNormal [71]. As shown in
Tab.4, our model achieves superior performance across
multiple benchmarks. By alleviating the inherent ambiguity
of monocular estimation and incorporating dense semantic
features, our method produces more reliable and detailed
predictions across diverse scenarios.

Method
NYUv2 [49] ScanNet [73] IBims-1 [27]

Mean ↓ Med ↓ δ11.25◦ ↑ Mean ↓ Med ↓ δ11.25◦ ↑ Mean ↓ Med ↓ δ11.25◦ ↑

Marigold [25] 20.8 11.1 50.4 21.2 12.2 45.6 18.4 8.4 64.7
Lotus [19] 17.5 8.6 58.7 18.1 8.8 58.2 19.2 5.6 66.2
GeoWizard [16] 20.4 11.9 47.0 21.4 13.9 37.1 19.7 9.7 58.4
StableNormal [71] 19.7 10.5 53.0 18.1 10.1 56.0 17.2 8.1 66.7
Ours 15.1 7.3 63.5 16.1 7.2 64.4 15.0 4.2 72.6

Table 4. Normal Estimation on NYUv2, Scannet, IBims-1. We
report the mean and median angular errors with each cell colored
to indicate the best and the second .

Model DTU [22] NYUv2 [49] RealEstate10K [78]

Acc. ↓ Comp. ↓ N.C. ↑ Abs Rel ↓ δ < 1.25 ↑ RRA@30 ↑ RTA@30 ↑ AUC@30 ↑

w/o L, w/o MoE 1.338 1.896 0.676 0.056 0.951 99.97 93.13 77.62
w/o MoE 1.297 1.625 0.682 0.054 0.953 99.94 94.27 85.14

Ours 1.011 1.482 0.695 0.051 0.957 99.98 95.47 86.28

Table 5. Ablation study on the key components of our model. The
results illustrate how performance metrics improve progressively
as each component is incorporated into the baseline. Note that we
report the Mean values for the ETH3D dataset.

4.5. Ablation Study
Mixtures-of-Experts. To validate the effectiveness of our
proposed framework, we perform an ablation study by re-
moving key components and training corresponding model
variants. We compare the model variants by evaluating
their performance on pointmap estimation (DTU [22]),
monocular depth prediction (NYUv2 [49]), and camera
pose (RealEstate10K [78]). As shown in Tab. 5, the results
confirm that both the MoE and the tailored loss (including
the confidence-based depth refinement) play a crucial role,
contributing significantly to the overall performance of our
model. It is noteworthy that all model variants, including
the baseline, are trained for the same number of steps.
Confidence-based Depth Refinement. For depth predic-
tion, we design a confidence-based depth refinement that
utilizes MoGev2 to filter depth supervision. By restricting
supervision to high-confidence regions, our model avoids
overfitting to corrupted data and achieves more accurate
depth estimation, which can be shown in Tab. 5 and Fig. 5.
Dense Semantic Feature Fusion. MoRE proposes to fuse
globally aligned 3D backbone features with dense semantic
features for normal predictions. This feature fusion allows
the model to capture both local geometric details and global
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Figure 5. Ablation for confidence-based depth refinement. We demonstrate the effectiveness of the confidence-based depth refinement for
more accurate depth estimation.

Figure 6. Ablation for dense semantic feature fusion. We demonstrate the effectiveness of the dense semantic feature fusion for sharper
and more accurate normal estimation.

contextual cues, leading to sharper and more reliable pre-
dictions. As shown in Fig. 6, it further strengthens the rep-
resentation of fine-grained structures, which is essential for
high-fidelity 3D reconstruction.

5. Conclusion

We introduce MoRE, a large-scale 3D foundation model
built upon a Mixture-of-Experts (MoE) framework for 3D
visual geometry reconstruction. Unlike previous methods
that rely on a single shared representation for all scenar-
ios, MoRE dynamically routes features to domain-specific
experts, thereby enhancing representational capacity and

improving prediction accuracy. To address the noise and
inconsistency of real-world data, our model employs a
confidence-based depth refinement module, which effec-
tively enhances the reliability of depth estimation. We fur-
ther introduce a dense semantic fusion that fuses local ge-
ometry features with 3D backbone features for more de-
tailed normal estimation. The model is trained with tai-
lored multi-task losses and an adaptive loss mechanism to
stabilize training across diverse datasets. Extensive experi-
ments demonstrate that MoRE achieves state-of-the-art per-
formance across multiple benchmarks, providing a versatile
and scalable backbone for downstream applications.

14687



Acknowledgment
This work was supported in part by the Science and
Technology Commission of Shanghai Municipality
under Grant 25511103000, and NSFC (62571314).

References
[1] Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ah-

mad, Ilge Akkaya, Florencia Leoni Aleman, Diogo Almeida,
Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al.
Gpt-4 technical report. arXiv preprint arXiv:2303.08774,
2023. 2

[2] Dejan Azinovic, Ricardo Martin-Brualla, Dan B. Goldman,
Matthias Nießner, and Justus Thies. Neural RGB-D surface
reconstruction. In CVPR, pages 6280–6291, 2022. 6, 7

[3] Jonathan T. Barron, Ben Mildenhall, Matthew Tancik, Peter
Hedman, Ricardo Martin-Brualla, and Pratul P. Srinivasan.
Mip-nerf: A multiscale representation for anti-aliasing neu-
ral radiance fields. In ICCV, pages 5835–5844, 2021. 2

[4] Jonathan T. Barron, Ben Mildenhall, Dor Verbin, Pratul P.
Srinivasan, and Peter Hedman. Zip-nerf: Anti-aliased grid-
based neural radiance fields. In ICCV, pages 19697–19705,
2023. 2

[5] Aljaz Bozic, Pablo R. Palafox, Justus Thies, Angela Dai,
and Matthias Nießner. Transformerfusion: Monocular RGB
scene reconstruction using transformers. In NeurIPS, pages
1403–1414, 2021. 6, 7

[6] Tom Brown, Benjamin Mann, Nick Ryder, Melanie Sub-
biah, Jared D Kaplan, Prafulla Dhariwal, Arvind Neelakan-
tan, Pranav Shyam, Girish Sastry, Amanda Askell, et al.
Language models are few-shot learners. In NeurIPS, pages
1877–1901, 2020. 2

[7] Yohann Cabon, Lucas Stoffl, Leonid Antsfeld, Gabriela
Csurka, Boris Chidlovskii, Jerome Revaud, and Vincent
Leroy. Must3r: Multi-view network for stereo 3d reconstruc-
tion. In CVPR, pages 1050–1060, 2025. 2

[8] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou,
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Gervet, Thibaut Lavril, Thomas Wang, Timothée Lacroix,
and William El Sayed. Mixtral of experts. arXiv preprint
arXiv:2401.04088, 2024. 3

[24] Haian Jin, Hanwen Jiang, Hao Tan, Kai Zhang, Sai Bi,
Tianyuan Zhang, Fujun Luan, Noah Snavely, and Zexiang

14688



Xu. Lvsm: A large view synthesis model with minimal 3d
inductive bias. In ICLR, 2025. 3

[25] Bingxin Ke, Anton Obukhov, Shengyu Huang, Nando Met-
zger, Rodrigo Caye Daudt, and Konrad Schindler. Repurpos-
ing diffusion-based image generators for monocular depth
estimation. In CVPR, 2024. 7

[26] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler,
and George Drettakis. 3d gaussian splatting for real-time
radiance field rendering. ACM Trans. Graph., 42(4):139:1–
139:14, 2023. 2

[27] Tobias Koch, Lukas Liebel, Friedrich Fraundorfer, and
Marco Körner. Evaluation of cnn-based single-image depth
estimation methods. arXiv preprint arXiv:1805.01328, 2018.
7

[28] Dmitry Lepikhin, HyoukJoong Lee, Yuanzhong Xu, Dehao
Chen, Orhan Firat, Yanping Huang, Maxim Krikun, Noam
Shazeer, and Zhifeng Chen. Gshard: Scaling giant mod-
els with conditional computation and automatic sharding. In
ICLR, 2021. 2

[29] Vincent Leroy, Yohann Cabon, and Jérôme Revaud. Ground-
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Francisco Massa, Daniel Haziza, Luca Wehrstedt, Jianyuan
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