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Supplementary Material

A. Training Setup for Baselines
We introduce the training setup of baseline methods in this
section for better depicting advantages of Reliev3R.

CUT3R, VGGT, π3, and MapAnything [2, 5, 6, 8] .
These works are representatives as the edge of FFRMs. Each
of these FFRM is trained on 15-17 diverse datasets with
multi-view geometric annotations, which include approxi-
mately 200k scenes in total.

π3† [8]. For a comprehensive comparison between Re-
liev3R and SOTA FFRMs, we train π3 [8] from scratch with
the same training set as Reliev3R, i.e. the DL3DV-10K [3]
dataset. The result is denoted as π3†. The parameter size of
π3† is controlled approximate to Reliev3R as 450M. The
training for π3† is directed with the same learning rate sched-
ule as Reliev3R, and optimized for 30k steps until a full
convergence on the validation set, which is randomly sam-
pled as 2% of the DL3DV-10K dataset. Other setups, such
as training objectives, follow π3 [8] by default.

MVDUSt3R [4]. MVDUSt3R is one of the pioneering
works to expand the input of DUSt3R [7] from two views
to multiple views. MVDUSt3R is trained by finetuning
DUSt3R on the subset of its training data, which is relatively
small compared to the training data of SOTA FFRMs. As a
result, MVDUSt3R is hindered with overfitting issue when
performing a zero-shot evaluation on unseen datasets such
as DL3DV-benchmark [3], which explains the catastrophic
performance of MVDUSt3R in the paper.

FLARE [10]. Similar to MVDUst3R [4], FLARE is one of
the early works to expand the input of DUSt3R [7] to multi-
ple views. Differently, FLARE is capable to directly predict
the camera pose along the forward pass of the model. We
adopt the direct output from FLARE model as its camera
pose prediction, instead of following DUSt3R [7] to post
process the predicted point maps with a PnP solver [1] to
estimate camera poses. As shown in the paper (both figures
and tables), we find that the directly predicted camera pose
of FLARE has an inconsistent scale with the point maps.
This is because, to handle the unreliability in reprojection
when camera pose is learned from scratch, FLARE proposes
a learnable reprojector conditioned on the learned camera
poses, without further constraint on the scale consistency
between the reprojected point maps and camera positions.
The unreliability of reprojection is addressed by Reliev3R
with a trigonometry-based reprojection loss, which is capa-
ble to produce meaningful gradient for optimization given
any random camera poses.

Table 1. We train π3 from-scratch (random initial weights) in a
fully-supervised manner on a down-sampled mixture of synthetic
datasets, including ASE dataset, TartanAir dataset, MVS-Synth
dataset, Blended-MVS dataset and etc. following VGGT. The train-
ing runs for 20k iterations with a total batch size of 128. The result
is denoted as ‘Synth Fully-Sup’. in the table. Then we subsequently
finetune this checkpoint on DL3DV dataset for 20k steps using the
weak supervision proposed by Reliev3R. The result is denoted as
‘+Reliev3R’ in the table. We report the same metrics as Table 1 in
the paper, which are evaluated on DL3DV-benchmark dataset. We
also evaluate camera pose estimation for RayZer on this benchmark
with its recently open-sourced checkpoint.

Method Point Map Camera Pose Depth Map
rel ↓ τ ↑ ATE ↓ AUC ↑ rel ↓ τ ↑

RayZer × × 0.786 0.362 × ×

Synth Fully-Sup. 0.277 0.475 0.042 17.075 0.208 0.357
+Reliev3R 0.137 0.667 0.033 34.240 0.106 0.679

AnyCam [9]. Since there is not a proper baseline to be
compared with Reliev3R as a weakly-supervised FFRM, we
introduce AnyCam as a less rigorous baseline. AnyCam
is one of the few works to explore training a feed-forward
3D model without multi-view geometric annotations. More
concretely, AnyCam focuses on estimating both intrinsics
and poses of cameras given a group of input views followed
by view-wise metric depth maps and optical flows. By back-
projecting the input metric depth maps into the world coor-
dinate with predicted camera parameters, a registered point
cloud can be produced to be compared with FFRMs. For a
fair comparison, we condition the camera pose prediction of
AnyCam on the ground truth focal length of cameras.

B. Extending Reliev3R to Semi-Supervision

It would be a practical approach to utilize Reliev3R to gen-
eralize a FFRM, which is fully-supervised on synthetic data,
to realistic data, where ground-truth is hard to access. As a
proof of concept, we perform an experiment in Tab. 1. The
FFRM trained merely on synthetic data performs bad on
DL3DV because of domain gap between realistic data and
synthetic data. Reliev3R succeeds to improve this FFRM,
demonstrating the feasibility of the warm-up&finetune usage
of Reliev3R. In Tab. 1, both ‘Synth Fully-Sup.’ and ‘+Re-
liev3R’ are equipped with a FoV head for intrinsic prediction,
where the former is supervised with ground-truth intrinsics
and the latter is supervised with pseudo FoV predicted by
MoGe2. To avoid overfitting on FoV, we introduce image



Table 2. Ablation study on different confidence weight α on
DL3DV-benchmark [3] dataset. α = 1.0 is adopted in the pa-
per to train Reliev3R. Absolute relative error (rel) and inlier ratio
at a relative threshold of 10% (τ ) are reported to evaluate point
maps and depth maps. Average aligned trajectory error (ATE) and
area under curve at an error threshold of 30◦ (AUC) are reported to
evluate camera pose estimation.

Point Map Camera Pose Depth Map
rel ↓ τ ↑ ATE ↓ AUC ↑ rel ↓ τ ↑

α = 0.2 0.143 0.607 0.022 42.116 0.137 0.606
α = 0.5 0.137 0.626 0.023 46.703 0.129 0.628
α = 1.0 (Reliev3R) 0.122 0.663 0.018 49.426 0.115 0.657
α = 2.0 0.127 0.651 0.020 48.566 0.121 0.647

cropping as augmentation to FoV. The pseudo depth labels
used to perform the experiment in Tab. 1 are generated by
MoGe2 to keep consistency with pseudo intrinsics.

C. Ablation Study
In Eq.4 of the paper, we introduce an ambiguity-aware scale-
invariant depth loss to regularize the shape of Reliev3R depth
prediction while addressing the multi-view inconsistency
in pseudo monocular depth labels. Intuitively, a large α
encourages the training of Reliev3R to ignore multi-view
inconsistency, and ends up with the confidence learned as
a constant of 2 (the confidence value is restricted within
(0, 2)). On the other hand, a small α results in degraded
camera pose estimation and depth registration for disabling
the depth shape regularization.

To evaluate the sensitivity of Reliev3R to α, we present
ablation study on different α, as shown in Tab. 2. The results
advocate the analysis above, and demonstrate that Reliev3R
is robust against a large variation in α.

D. More Visualization for Reliev3R Prediction
We show the input, output and pseudo labels of Reliev3R in
Fig. 1, Fig. 2, Fig. 3 and Fig. 4. It’s observed that Reliev3R
surpasses the pseudo monocular depth labels in case of multi-
view depth consistency. And the learned confidence maps
function well as we designed to mask out unreliable regions
such as sky, contents in the far and edges of objects.
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Figure 1. Visualization of input (multi-view images), output (multi-view depth maps and confidence maps) and pseudo labels (multi-view
correspondences, monocular depth maps) of Reliev3R.



Figure 2. Visualization of input (multi-view images), output (multi-view depth maps and confidence maps) and pseudo labels (multi-view
correspondences, monocular depth maps) of Reliev3R.



Figure 3. Visualization of input (multi-view images), output (multi-view depth maps and confidence maps) and pseudo labels (multi-view
correspondences, monocular depth maps) of Reliev3R.



Figure 4. Visualization of input (multi-view images), output (multi-view depth maps and confidence maps) and pseudo labels (multi-view
correspondences, monocular depth maps) of Reliev3R.
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