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Supplementary Material

A. Further Details on Pretraining
Data sequences. Below, we outline the selection of se-
quences of frames. In the following section, we detail
how to sample batches from sequences. For information
on the dataset mixture, we refer to Section 3.4 of the main
manuscript. Our protocol for finding sequences is simple,
as strict co-visibility is not required. This greatly simplifies
things and allows us to, without much effort, scale to around
20 million individual frames. MegaDepth and MegaScenes
are the only datasets where we employ a more complicated
sampling scheme. This is because each scene of the dataset
is highly diverse and has no natural temporal sequencing.

For the former, we use the image overlap scores com-
puted by D2-Net [22] and greedily sample 1,000 sequences
per scene by randomly selecting an anchor frame and then
chaining together images based on positive overlap. For the
latter, we compute the IoU heuristic similar to CroCo and
iteratively select the next image that maximizes 3D point
overlap with the current image while maintaining sufficient
camera viewpoint diversity. Starting from images with the
most visible 3D points, we greedily build sequences until
no suitable next image can be found, discarding sequences
shorter than 24.

For datasets where each scene is small (e.g., CO3D,
DL3DV10K, Hypersim, WildRGBD), we simply select all
frames in the scene as sequences and randomly sample
from those during training. For the remaining datasets
(3DStreetView, RealEstate10K, ScanNet++, BlendedMVS,
and ARKitScenes), we use simple heuristics to form se-
quences. Since the frames per scene are numerically or-
dered, where adjacent frames are also spatially adjacent in
the scene, we chunk them. We find that a chunk size of
100 frames usually works fine. After forming sequences of
frames, we now detail how to select the frames in a batch.

Sampling. For each batch, independently on each GPU,
we either (i) sample a full batch from ImageNet-1K (10%
probability) or (ii) sample multi-view data (90% probabil-
ity). To sample multi-view data, we uniformly sample a
sequence length S between 2 and 24 frames. Given the
sequence length, we then iteratively sample datasets with
the weighting given in Table 1 and uniformly select a se-
quence therein. See Figure 5 for qualitative examples of
sequences. We stop when the total number of frames per
GPU is about to exceed 96. This gives us a batch shape of
pfloorp 96

S q, S, 3, 256, 256q. This is done independently per
GPU. We sometimes refer to 96 as the batch size and use
this in the linear scaling rule for learning rate [29].

Figure 5. Data examples. We visualize random sampled se-
quences from the dataset. Sequence lengths vary.

Architecture. The total model is made up of a ViT-
L encoder (width 1024, depth 24 and 16 heads) followed
by a ViT-B multi-view decoder (width 768, depth 12 and
12 heads). This is the exact same size as the final CroCo
v2 model and thus also DUSt3R and MASt3R (excluding
heads). Half of the Transformer blocks in the multi-view
decoder have a global attention window and half only attend
to patches within the same frame. The first block is a frame-
wise attention block. The total number of trainable param-
eters in the model is 389.5 million, whereof around 302.3
million come from the encoder. The final layer, after the
multi-view decoder, is a linear layer W P R768ˆ768. The
dimensions can be understood from the way that it maps
each patch between the 768 embedding dimensions of the
Transformer decoder to the 3 ˆ 16 ˆ 16 “ 768 color val-
ues in a patch. The loss is then computed by comparing the
output of this linear mapping to the normalized (mean sub-
tracted and divided by the standard deviation) pixel values
in the ground truth patch.

Compute Resources. In Table 12, we detail the comput-
ing resources used for the main experiments. Failed or dis-
carded training runs are excluded. The evaluations not in-
cluded required only a linear probe or a k-NN classifier.
These were run on a single A100 and took no longer than a
couple of hours. The reporting is conducted towards aca-
demic transparency in the compute resources required to
replicate our results.

B. Further Details on Experiments
Feedforward 3D reconstruction. We take inspiration
from the design of VGGT and use the same heads, exclud-
ing the tracking head. Namely, we use DPT heads for world
points and depths and an iterative ViT for the camera head.



Table 12. GPU hours. We report the compute used for the main
experiments. We omit linear probing and k-NN validations.

Experiment Model GPUs Time

Pretraining MuM: 32ˆA100 3 days
Pretraining MuM 64ˆA100 3 days

RoMa MuM 4ˆA100 5 days
RoMa DINOv3 4ˆA100 5 days
RoMa CroCov2 4ˆA100 5 days

Rel. pose MuM 32ˆA100 1.5 days
Rel. pose DINOv3 32ˆA100 1.5 days
Rel. pose CroCov2 32ˆA100 1.5 days

3D recon. (frozen) MuM 32ˆH200 3 days
3D recon. (frozen) DINOv3 32ˆH200 3 days
3D recon. (frozen) CroCov2 32ˆH200 3 days
3D recon. (finetune) MuM 16ˆH200 3 days
3D recon. (finetune) Rand. 16ˆH200 3 days

:A lighter training run using 66 A100 days vs. 96 of CroCov2.

For the frozen encoder experiments, the points and depth
heads also output confidence maps, we train for 100K steps
with a learning rate of 2 ˆ 10´4 on 32ˆH200 for around 3
days, and sample data following VGGT, namely, using 48
frames per GPU and an image resolution of 512. We use
the AdamW [40] optimizer and minimize the same training
loss as in VGGT:

Lpωq “ Lcamera ` Ldepth ` Lpmap (3)

Where the camera loss is given by Lcamera “ !N
i“1 ||ĉi ´

ci||H where ci are the ground truth camera parameters and
ĉi are the predictions in frame i and || ¨ ||H denotes the Hu-
ber loss. The depth objective, Ldepth, follows DUSt3R and
uses an aleatoric-uncertainty loss. We further incorporate
the gradient-based term used in VGGT. The pointmap loss,
Lpmap, is similarly defined.

The finetuning distillation protocol is slightly lighter us-
ing half the batch size (due to training on half the number
of GPUs) and with a learning rate of 1 ˆ 10´4. The dis-
tillation loss is simply the sum over the L2 errors (given in
Equation 2). We train without confidence weights.

Dense matching. For the linear probing evaluation we
take as basis the MegaDepth1500 and ScanNet1500 dense
evaluation protocols in RoMa and DKM. We train a square
linear projection on top of the frozen encoder features fol-
lowed by a log-softmax kernel nearest neighbor matcher to
estimate the dense warp. We achieve a robust metric by
sweeping over learning rates and weight decays in parallel.
We train for 25K steps with batch size 8 and evaluate every
2,500 steps, reporting the best performance achieved. The
evaluation protocol takes roughly an hour on an A100.

Figure 6. Attention map for query patch. We visualize the
global attention map in the decoder for a query patch. We find
that the attention score is highest for matching patches.

For RoMa, we follow their exact training setup. which is
the following. Training for 3 million steps on 560ˆ560 res-
olution with a frozen encoder. This takes roughly 5 days on
4ˆA100-80GB. We opt to only train on MegaDepth (com-
monly referred to as outdoor) and use this model for all eval-
uations.

Two-view relative pose estimation. The decoder archi-
tecture follows exactly Reloc3r [20] but is not initialized
from DUSt3R but instead trained from scratch. We train
the decoder and the heads with a learning rate of 2 ˆ 10´4

and finetune the encoder with a learning rate of 2 ˆ 10´5.
We use a total batch size of 1024 and train on 16ˆA100 for
approximately 1 day.

Monocular depth estimation. We follow the protocol in
DINOv2 [43]. Namely, we use the MMCV [15] package
and apply random cropping, rotation and flipping augmen-
tation. We crop the images to 480 ˆ 640 and treat it as a
classification problem with 256 bins. We use a combination
of cross entropy and gradient loss. We train with AdamW,
cosine annealing and a peak learning rate of 1 ˆ 10´4.

Semantic recognition. For both classification and seg-
mentation, we follow exactly the protocol in CAPI [17].
In particular, the classification protocol uses an attentive
probe. This is due to MuM, CroCo v2 and MAE, not having
a meaningful global representation in the same way as the
DINO family (following its instance discrimination objec-
tive on the CLS token). The attentive probe is trained in a
supervised fashion and its output is processed by a trained
linear layer.

C. Additional experiments
Qualitative examples. Inspired by ZeroCo [1], we visu-
alize the global attention map between a query patch in the
first image and all the patches in the second image. The re-
sult, illustrated in Figure 6, clearly illustrates that the atten-
tion map contains information about correspondences be-



Table 13. Cosine similarity feature matching. We report average
recall on NAVI [33] following the protocol of Probe3D [26] and
EPE on MegaDepth and ScanNet.

Method NAVI Ò MegaDepth Ó ScanNet Ó
MAE 43.7 88.8 83.4
CroCo v2 41.0 60.3 62.1
DINOv3 62.8 36.5 56.4

MuM 46.9 50.8 55.7

tween the two frames. An interesting future direction is to
investigate zero-shot matching directly from the attention
map, similar to ZeroCo [1].

We also visualize the dense warp estimated through lin-
ear probing in Section 4.2 in Figure 7.

Cosine similarity feature matching. In our main results,
we report the linear probing dense feature matching accu-
racy. However, prior work has explored the matchability
of the raw features. While El Banani et al. [26] notes that
more expressive probes are necessary to determine 3D un-
derstanding, they opt for correspondences based on cosine
similarity in their paper. We follow their protocol and re-
port the matching performance in Table 13. As suggested
by Siméoni et al. [53], we evaluate both with and with-
out layer normalization on the frozen features and report
the best result. Interestingly, generative objectives such as
MuM, MAE, and CroCo v2 perform worse when evaluated
without a linear probe. This might be related to how the
DINO-family uses a patch similarity objective whereas the
generative objectives tested work in pixel space. We fur-
ther find that MuM outperforms CroCo v2 and MAE and
matches DINOv3 on ScanNet.
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[45] René Ranftl, Alexey Bochkovskiy, and Vladlen Koltun. Vi-
sion transformers for dense prediction. In Proceedings of
the IEEE/CVF International Conference on Computer Vision
(ICCV), pages 12179–12188, 2021. 5

[46] Jeremy Reizenstein, Roman Shapovalov, Philipp Henzler,
Luca Sbordone, Patrick Labatut, and David Novotny. Com-
mon objects in 3d: Large-scale learning and evaluation of
real-life 3d category reconstruction. In International Con-
ference on Computer Vision, 2021. 4, 5

[47] Mike Roberts, Jason Ramapuram, Anurag Ranjan, Atulit
Kumar, Miguel Angel Bautista, Nathan Paczan, Russ Webb,
and Joshua M. Susskind. Hypersim: A photorealistic syn-
thetic dataset for holistic indoor scene understanding. In
International Conference on Computer Vision (ICCV) 2021,
2021. 4, 5

[48] Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, San-
jeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy,
Aditya Khosla, Michael Bernstein, et al. Imagenet large
scale visual recognition challenge. International journal of
computer vision, 115:211–252, 2015. 4

[49] Paul-Edouard Sarlin, Daniel DeTone, Tomasz Malisiewicz,
and Andrew Rabinovich. Superglue: Learning feature
matching with graph neural networks. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 4938–4947, 2020. 6

[50] Thomas Schops, Johannes L. Schonberger, Silvano Galliani,
Torsten Sattler, Konrad Schindler, Marc Pollefeys, and An-
dreas Geiger. A multi-view stereo benchmark with high-
resolution images and multi-camera videos. In Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2017. 5



[51] Younggyo Seo, Junsu Kim, Stephen James, Kimin Lee, Jin-
woo Shin, and Pieter Abbeel. Multi-view masked world
models for visual robotic manipulation. In Proceedings of
the 40th International Conference on Machine Learning,
pages 30613–30632. PMLR, 2023. 2

[52] Ketul Shah, Robert Crandall, Jie Xu, Peng Zhou, Marian
George, Mayank Bansal, and Rama Chellappa. Mv2mae:
Multi-view video masked autoencoders, 2024. 2
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