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1. Additional Visualization
We present additional visualizations of the reconstructed
pointmaps in Fig. 1, including results from both real-world
(first-row) and synthetic inputs (second-row). MoRE pro-
duces highly accurate and realistic reconstructions in a sin-
gle forward pass, demonstrating its potential to further ben-
efit downstream 3D applications. We also provide a visual-
ization of the expert preference distribution across different
types of datasets in Fig. 2.

2. Additional Comparison
Pointmap Comparison. We provide additional pointmap
comparisons in Fig. 4, where our method reconstructs more
accurate pointmaps and captures more realistic structural
details.
Normal Comparison. We also present normal prediction
comparisons with previous methods in Fig. 5, showing that
our approach produces sharper and more accurate surface
normals.
Video Depth Comparison. We also provide video depth
estimation comparison in Tab. 4. It can be seen that MoRE
can also achieve accurate depth estimation for dynamic sce-
narios.
Model Comparison We further compare MoRE against
two categories of baselines in Tab. 1 to demonstrate its
effectiveness: 1) Dense models with equivalent active
parameters (FLARE, VGGT); and 2) A dense model
with equivalent total parameters (Aether). Results indi-
cate that MoRE: 1) outperforms efficiency-matched mod-
els without sacrificing inference speed; and 2) surpasses the
capacity-matched dense model in both accuracy and speed.
Notably, directly scaling the dense architecture to 5B re-
sulted in demanding training costs and optimization diffi-
culties. In contrast, our method offers a scalable approach to
increase model capacity without inducing additional com-
putational overhead.

Model #Params Sintel ATE ↓ TUM-D ATE ↓ Bonn Abs Rel ↓ Kitti Abs Rel ↓ FPS (Kitti) GPUs

FLARE 1.4B 0.207 0.026 0.142 0.357 1 64 A800-80G
VGGT 1.2B 0.167 0.012 0.052 0.052 23 64 A100-80G
Aether 5.5B 0.189 0.092 0.308 0.054 3 80 A100-80G
Ours 1.6B (5.3B) 0.101 0.010 0.042 0.046 21 48 H20-96G

Table 1. Comparison with efficiency/capacity-matched baselines.

Ablation Study. Furthermore, Fig. 3 present additional
ablation results on confidence-based depth refinement,
demonstrating that the proposed design effectively en-
hances depth accuracy. In addition, Fig. 6 and Tab. 3 present
ablation results on dense semantic fusion for normal pre-

Model DTU NYUv2 RealEstate10K

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

VGGT (baseline) 1.338 1.896 0.676 0.056 0.951 99.97 93.13 77.62

w/o Lp,Ld, w/o MoE 1.336 1.884 0.678 0.058 0.950 99.92 93.21 77.85
w/o Lp, w/o MoE 1.327 1.767 0.679 0.053 0.954 99.93 93.52 79.86

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 2. Ablation study on the key components of our model.

diction, demonstrating that the proposed fusion effectively
contributes to sharper and more precise normal estimations.

To further validate the key components, we conducted
training ablations where all variants were fine-tuned on
the exact same training dataset (including internal) for
the same epochs. We denote the losses as: Lp =
Lpts local&Lpts n, Ld = Ldepth. Tab. 2 presents the ablation
study of our key components. Notably, the first variant cor-
responds to the fine-tuned VGGT baseline, which reveals a
critical insight: without strict data proportion curation,
the dense baseline fails to adapt to the new data distri-
bution, leading to performance degradation. In contrast,
adding our proposed designs yields consistent gains.

3. Additional Implementation Details

We implement our MoE framework based on DeepSpeed-
MoE [6]. The hidden dimension of each MoE layer is set to
1024, with 8 experts and a top-k routing of k = 2. Over-
all, the model architecture comprises 48 MoE layers, corre-
sponding to the 24 global-attention and 24 frame-attention
blocks in the alternating-attention structure of VGGT [9].
The model is trained on 48 NVIDIA H20 GPUs for ap-
proximately two weeks. The normal-prediction head, which
incorporates dense semantic fusion, requires an additional
three days of fine-tuning on high-quality datasets. It is
noteworthy that the proposed dense semantic fusion and
confidence-based depth refinement modules can be inte-
grated into any multi-view method to enhance the sharp-
ness and detail of geometric predictions.

4. Limitation and Future Work

Although MoRE achieves superior performance in geomet-
ric prediction, it still has limitations and can be further
improved. First, accurately reconstructing thin structures
remains challenging due to the noisy training data. Sec-
ond, while our confidence-based depth refinement allevi-
ates part of the noise, multi-view methods still fall short
of monocular methods in producing sharp and detailed re-
sults in monocular depth estimation. We attribute this gap



Figure 1. Additional pointmap visualization. MoRE achieves highly accurate and realistic reconstructions for both real-world (first-row)
and synthetic inputs (second-row).

Figure 2. Distribution of expert preference across different types
of datasets.

to the quality of depth supervision and the need for a more
compact feature representation to better preserve fine-scale
details across views. Finally, extending the model with a
metric-scale prediction head represents a promising direc-
tion for enhancing its applicability in industrial and real-
world scenarios.

Figure 3. Additional ablation for confidence-based depth refine-
ment. Please zoom in for better details.



Figure 4. Additional pointmap comparison. Our method can produce more accurate pointmaps and capture more realistic structural details.

NYUv2 [7] ScanNet [14] IBims [3]
Mean ↓ δ11.25◦ ↑ Mean ↓ δ11.25◦ ↑ Mean ↓ δ11.25◦ ↑

w/o fs 15.6 63.0 16.5 63.8 15.5 71.2
Ours 15.1 63.5 16.1 64.4 15.0 72.6

Table 3. Normal quantitative metrics for ablation. We demonstrate
that the dense semantic feature fusion (fs) contributes to more ac-
curate normal predictions.

Method
Sintel [1] Bonn [5] KITTI [2]

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

DUSt3R [11] 0.570 0.493 0.152 0.835 0.135 0.818
MASt3R [4] 0.480 0.517 0.189 0.771 0.115 0.849
MonST3R [15] 0.402 0.526 0.070 0.958 0.098 0.883
Fast3R [13] 0.518 0.486 0.196 0.768 0.139 0.808
MVDUSt3R [8] 0.619 0.332 0.482 0.357 0.401 0.355
CUT3R [10] 0.534 0.558 0.075 0.943 0.111 0.883
FLARE [16] 0.791 0.358 0.142 0.797 0.357 0.579
VGGT [9] 0.230 0.678 0.052 0.969 0.052 0.968
Pi3 [12] 0.210 0.726 0.043 0.975 0.037 0.985
Ours 0.205 0.728 0.042 0.975 0.046 0.978

Table 4. Video Depth Estimation on Sintel [1], Bonn [5] and
KITTI [2].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 .



Figure 5. Normal comparison. Our method produces sharper and more accurate surface normals.

Figure 6. Additional ablation for dense semantic feature fusion. Please zoom in for better details.
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