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A Experiment Details

A.1 Training Details

In all experiments, we set both the rank and alpha of LoRA to 8.

DUSt3R. Since DUSt3R doesn’t have a dedicated self-view head for canonical view estimation,
we use DUSt3R’s first viewpoint pointmap regression head for distillation. Training is performed
at a resolution of 512 width, with aspect ratios (e.g., 16:9, 4:3) randomly sampled for each batch.
During each epoch, we randomly sample 20,000 pairs from the SA-1B [4] dataset, 1,000 pairs from
the Hypersim [8] dataset, and 1,000 pairs from the TartanAir [16] dataset. The model is fine-tuned for
10 epochs. The learning rate is initialized at 1e-4 with a one-epoch warm-up phase and is gradually
decayed to a minimum of le-6. A batch size of 2 per GPU is used, and gradients are accumulated
over 8 iterations to achieve an effective batch size of 64.

CUT3R/VGGT. We compute the distillation loss using the self-view pointmap head for CUT3R
and the depth head for VGGT, following the same dataset configuration as in DUSt3R fine-tuning.
CUT?3R is trained at a resolution of 512 width, while VGGT is trained at a resolution of 518 width.
The model is fine-tuned for 10 epochs with an initial learning rate of 1e-4, which is warmed up for
one epoch and then gradually decayed to a minimum of le-6. Additionally, the sequence length is
dynamically selected between 2 and 8, with the product of batch size and sequence length fixed at 8.
The accumulation iteration is changed accordingly to ensure an effective total batch size of 64.

A.2 Evaluation Details

Monocular Depth Estimation. We follow the evaluation protocol from MoGe [14] to assess our
models. For DUSt3R, we duplicate the input images and use the z value from the view-1 pointmap
head as the predicted depth. For CUT3R, depth is obtained from the z value of the self-view pointmap
head, and for VGGT, we use the output of the depth head. Since these models are trained at resolutions
of 512 width (or 518 width for VGGT), the original images are resized accordingly for evaluation.
Although this differs from the standard MoGe protocol, which evaluates at higher resolutions, we
ensure that both the base model and our fine-tuned models share the same settings. Furthermore, we
exclude evaluation datasets such as Sintel and Spring since DUSt3R and VGGT are not designed for
dynamic scenes.

Two-view Evaluation. We extract two-view correspondences using the nearest neighbor matching
strategy from DUSt3R, which leverages geometric distance and is well-suited for assessing our
enhanced geometry. We avoid using VGGT'’s tracking head for matching for two main reasons. First,
the current release of VGGT’s tracking head does not perform as good as the version reported in
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Table S1: Quantitative results for multi-view pose estimation on the CO3Dv2 dataset. "Ours" signifies
the integration of our finetuning method. Best results in each session are highlighted in bold.

CO3DV2
Methods RRA@5 RTA@5 AUC@30
DUSGR[I5] | 8049 7522 8103
DUSGR+Ours | 8575 7802  82.83
CUR [13] 7083 6439 7410
CUT3R+Ours | 69.65  61.66  72.80
VGGT [10] 9520 8428 8835
VGGT+Ours | 9547 8418  88.77

the original paper'. Second, in the Scannet-1500 relative pose estimation task, our geometry-based
correspondence method outperforms the tracking-based approach described in the original VGGT
paper. Furthermore, we plan to fine-tune the tracking head using our stronger encoder, which we
believe can provide more accurate and robust features to further enhance tracking performance.

Multi-View Pose Estimation. We evaluate our method primarily on the RealEstate10k dataset [19],
following the procedure in VGGSfM [11] that involves randomly sampling 10 frames from each
sequence for pose evaluation. Since some of the original YouTube links in RealEstate10k are
unavailable, our evaluation is conducted on 1,756 out of the original 1,800 scenes.

Ablation Mix Dataset. For the ablation study, we replace the SA-1B dataset [5] with a mixed
dataset composed of MegaDepth [6], CO3Dv2 [7], ARkitScene [1], Scannet++ [18], Scannet [3],
VirtualKIITIv2 [2], BlendedMVS [17], and StaticThings3D [9]. Each dataset is equally weighted,
providing coverage that is comparable to the DUSt3R training set.

B Additional Experiments

We also conduct experiments on multi-view pose estimation using the CO3Dv2 dataset [7]. Following
the evaluation protocol in PoseDiffusion [12], we select the first 10 frames from each sequence for
evaluation. The results are presented in Table S1. Our fine-tuning improves DUSt3R by refining the
geometry-based correspondence. However, the performance of CUT3R on CO3Dv?2 is negatively
affected, and the impact on VGGT is marginal. We suspect this is primarily because CO3Dv2 is used
to train the pose head, causing it to strongly memorize the dataset.

C Additional Visualizations

We provide additional visualizations on diverse, in-the-wild data in Figures S1, S2, and S3 to demon-
strate how our fine-tuning method robustly enhances the original baseline. More visualization can be
found in the Supplementary Video, which includes flything-through of the multi-view reconstruction
results.

"https://github.com/facebookresearch/vggt/issues/83
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VGGT Depth VGGT+Ours Depth

Figure S1: Additional Visualization of Depth Estimation Results: Input Images, Baseline (VGGT
Depth), and Improved Method (VGGT+Ours Depth)



Input DUSt3R DUSt3R + Ours

Figure S2: Additional Visualization of Depth Estimation Results: Input Images, Baseline (DUSt3R
Depth), and Improved Method (DUSt3R+Ours Depth)



CUT3R + Ours

Figure S3: Additional Visualization of Depth Estimation Results: Input Images, Baseline (CUT3R
Depth), and Improved Method (CUT3R+Ours Depth)
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D Proof for Long-Sequence Scale Uncertainty

Let a 3D point in the world coordinate system be

with a multiplicative scale uncertainty modeled as
p=(1+p, §~N(0,07%,

where § is a small perturbation. Under a rigid transformation characterized by rotation R and
translation 7', the unperturbed point in the second view is given by

P2 = Rp + T.
When the uncertainty is introduced, the perturbed second-view point becomes

po=Rp+T=R[(1+6)p] + T =p2+3(Rp).

We define the rotated coordinates by writing

Rp = lz] ,
B

where, due to the relationship po = Rp + T, the first and third components satisfy:
O[:XZ*TIW ﬁ:ZQ*Tza

Xo
Y5
Z3

with po =

Assuming a pinhole camera model with focal length f, the unperturbed horizontal image coordinate
is given by
fXo

2o

For the perturbed coordinates we express
X =Xo+ 0, Z§=27Z,+6p.
Thus, the image coordinate under perturbation is
Xo+9
u(p) = LE2100)

Zy+63
Our goal is to analyze the induced projection error,

Au 2 u(8) — u,
without using a Taylor expansion. We begin by forming the exact difference:

_f(X2+604) fXs
Au = 7> 100 7,

By combining the terms over a common denominator, we have:
Xo4+da)Zy — Xo(Zo+ 0
Au:f(( 2+ 0a)Zy 2(Za + 5))

Zy(Za+46B)
Expanding the numerator yields:
(X2+50é)ZQ 7X2(Z2+6/6) :X2Z2+50éZQ 7X2Z2 7(5X26 = 5(04Z2 7X2ﬂ)

Thus, the error simplifies to:

aZy — Xy

Au=0t T op)
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Substituting the expressions « = X, — T, and § = Z5 — T, we obtain:
OéZQ - XQ ﬂ = (X2 - Tx)ZQ - X2(Z2 - Tz) = XQTZ — TxZQ
Therefore, the error becomes:

XoT, — Ty Zo

A”:‘Ssz(Zﬁa(erz))’

since B = Zy — T..

To gain further insight into the dependency on depth Z5, let us assume that along object boundaries
the ratio X5 /Z5 remains approximately constant, i.e.,

Xo = ¢y,
for some constant c. Under this assumption, the numerator approximates as
XoT, — T, 7o = Z5 (cT, — Ty).
Substituting this back, we get:

Zs (T, —T,) cT, —T,

Au = § ) .
uN S -1 ! ezt

For small 6, the term ¢ (Z5 — T in the denominator is negligible compared to Zs. That is,
ZQ +5(Z2 — Tz) ~ Z2.
Thus, we arrive at the simplified expression:

~ f (CTZ B Tz)
Au= Z .

This result shows that the projection error Aw is inversely proportional to Zs, meaning that fore-
ground points (with small Z5) experience larger epipolar displacements due to scale uncertainty—a
phenomenon we term foreground erosion. Moreover, our analysis demonstrates that, except for the
first view, the normalization process amplifies minor scale errors in the foreground; this amplification
results in substantial epipolar displacement and the erosion of fine details in these regions.

E Limitations

Although our method enhances fine geometric details, its boundary accuracy remains inferior to
that of MoGe [ 14], which produces sharper results. A mixed-teacher strategy or a better dedicated
distillation design may offer further improvements. Additionally, the current model supports only a
512/518 resolution, and scaling to higher resolutions remains a challenge for future work.
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