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Supplementary Material

Overview

This supplementary material is organized as follows:
• Section A: Additional implementation details.
• Section B: Details on supervised finetuning.
• Section C: Additional details on curriculum learning ab-

lations.
• Section D: Analysis of E-RayZer trained with pose super-

vision.
• Section E: Additional results where E-RayZer is used as

pre-training for the VGGT* model, with comparisons to
RayZer [25].

• Section F: Further analysis of the training data.
• Section G: Extended qualitative comparisons with base-

line methods.

A. Additional Implementation Details

This section includes more implementation details.
Training. E-RayZer is trained on 8 A100 GPUs with a
global batch size of 192 (24 per GPU) for 152K iterations,
taking approximately 198 hours. During the first 86K it-
erations, the learning curriculum progresses linearly along
different sequence-sampling metrics – geometric (default)
and semantic visual overlap, as well as frame interval – as
described in Sec. 4.4. The learning rate schedule includes
a 3K-iteration linear warm-up to a peak of 4e-4, followed
by cosine decay to zero til the end of training. We use the
AdamW optimizer (ω1=0.9, ω2=0.95) with gradient clip-
ping at 1.0, and skip optimization steps when the gradient
norm exceeds 5.0 before clipping.

For our 7-dataset model (Sec. 4.1), we train on a
mixture of datasets with the following sampling ratios:
DL3DV [35]: 1.0, CO3Dv2 [44]: 0.25, RealEstate10K [85]:
0.5, MVImgNet [77]: 0.25, ARKitScenes [6]: 0.5,
WildRGB-D [68]: 0.25, and ACID [36]: 0.5. These ratios
follow a simple heuristic: we downweight object-centric
datasets and assign a slightly larger weight to DL3DV,
which offers the most diverse and high-quality samples.

Experiments on supervised finetuning are conducted on
8 A100 GPUs as well, but with a smaller global batch size
of 96. The finetuning stage runs for 50K iterations.
Architecture. E-RayZer uses a patch size of 16 and an im-
age resolution of 256. As described in Sec. 3.2, we replace
RayZer’s [25] vanilla global attention with VGGT’s [59]
local-global alternating transformer layers for both pose
estimation (f cam

ω ) and scene reconstruction (f scene
ε→ ). Both

modules use 8 layers, each composed of one global atten-
tion layer and one frame-attention layer. Our feature dimen-
sion is 768, and we use 12 attention heads. For image and

Plücker ray map tokenization, as well as for the Gaussian
decoder (f gauss

ϑ ), we simply use a single linear layer.
For a fair comparison with RayZer, all RayZer models

used in this paper are trained with our proposed curriculum
and the improved architecture.
Evaluation. For pose estimation and novel-view synthe-
sis, we use fixed sequence lengths for the test sequences of
each dataset and sample views with equal temporal spac-
ing. Following RayZer, we ensure that the first and last
images of each sequence are always included in the refer-
ence set. The sequence lengths are as follows: WildRGB-
D [68]: 96 (Tab. 1) and 192 (Tab. 2), ScanNet++ [75]: 48,
DL3DV [35]: 96, RealEstate10K [85]: 256, CO3Dv2 [44]:
96, 7-Scenes [50]: 256, Cambridge Landmarks [30]: 96,
BlendedMVS [71]: 24, and NAVI [22]: 24. For (train-
ing and) evaluating pairwise flow prediction on Static-
Things3D [49], we adopt the pre-computed image pairs pro-
vided by the DUSt3R [64] GitHub repository.

B. More Details on Supervised Finetuning

Here we provide additional details on the supervised fine-
tuning experiments in Sec. 4.3.
Supervised Finetuning with E-RayZer. E-RayZer’s back-
bone does not distinguish between the first view and the
other views in the input, as it adopts a pairwise pose esti-
mation strategy (see Sec. 3.2). In contrast, supervised pose
estimation typically assumes a first-view coordinate frame
(e.g., DUSt3R [64] and VGGT [59]). To incorporate this
inductive bias into our backbone, we introduce an addi-
tional camera token dedicated to the first image (in addi-
tion to the existing learned camera token) and train it from
scratch. The camera tokens are processed by E-RayZer’s
pose estimation module (f cam

ω ) and subsequently passed to
VGGT’s camera head for supervised pose estimation. For
depth estimation and pairwise flow prediction, the DPT
head takes as input the intermediate feature maps gener-
ated by the Gaussian-based scene reconstruction module
(f scene

ε→ ). For E-RayZer and all other baselines, the DPT head
uses four feature maps extracted from equally spaced trans-
former layers. Note that our Gaussian-based scene recon-
struction module takes the predicted reference-view Plücker
ray maps as input, but only in the pose and depth estimation
experiments are the predicted camera poses supervised. For
pairwise flow prediction, the predicted poses produced by
the pose head remain unsupervised to ensure a fair compar-
ison with other baselines.
Details on Other Baselines. For baselines that use different
spatial or temporal patch sizes (e.g., E-RayZer uses a tem-
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Table 7. Comparison with a Pose-supervised Baseline on Novel-view Synthesis (NVS) and Pose Estimation. We report PSNR for
NVS and RPA→@5°/15°/30° for pose estimation. While the pose-supervised baseline generally outperforms the self-supervised model on
coarse pose accuracy (RPA→@15°/30°), its novel-view synthesis quality is consistently lower.

Method Training Data
NAVI [22] ScanNet++ [75] DL3DV [35]

PSNR→ @5°→ @15°→ @30°→ PSNR→ @5°→ @15°→ @30°→ PSNR→ @5°→ @15°→ @30°→
Pose-sup. Baseline DL3DV [35] 13.4 12.8 51.1 72.5 16.7 4.4 33.7 64.5 15.0 78.1 94.7 97.8

E-RayZer (ours) 20.5 20.7 57.8 69.6 20.1 7.7 33.6 63.0 20.3 72.0 88.4 93.5

Pose-sup. Baseline 7 datasets 13.5 18.9 61.6 80.6 17.3 6.4 35.7 67.4 14.9 53.0 85.0 93.2

E-RayZer (ours) 20.6 24.6 56.1 69.2 20.7 5.7 34.8 63.7 19.7 59.9 82.9 90.2

Table 8. Comparison with RayZer [25] as a Pre-trained Backbone. The top block reports results for models trained on DL3DV [35],
and the bottom block reports results for models trained on a mixture of seven datasets. Note that pre-training and supervised finetuning
are performed on the same data (i.e., DL3DV or the 7-dataset mixture). We report pose accuracy RPA→@5↑/15↑. Models are labeled as
self-supervised or supervised. VGGT* denotes our re-implementation with E-RayZer’s pairwise camera head. The top-three results are
color-ranked from red to yellow. E-RayZer provides stronger pre-training than RayZer.

Method
DL3DV [35] RE10K [85] CO3Dv2 [44] WildRGB-D [68] 7-Scenes [50] CamLand [29] BlendedMVS [71] NAVI [22] ScanNet++ [75]

@5°→ @15°→ @5°→ @15°→ @5°→ @15°→ @5°→ @15°→ @5°→ @15°→ @5°→ @15°→ @5°→ @15°→ @5°→ @15°→ @5°→ @15°→

D
L3

D
V

RayZer [25] 0.0 0.6 0.0 0.2 0.0 0.6 0.0 0.0 0.0 0.2 0.0 0.3 0.0 0.5 0.0 0.6 0.0 0.7

E-RayZer (ours) 72.0 88.4 83.0 96.8 19.1 61.8 51.1 82.3 38.8 78.0 18.1 62.9 22.9 46.8 20.7 57.8 7.7 33.6

VGGT* 79.6 94.2 80.4 97.9 16.0 64.3 32.5 76.2 34.7 83.6 11.1 49.8 17.0 42.8 14.3 54.5 6.7 39.8

RayZer→VGGT* 84.4 95.3 85.7 98.4 24.9 71.2 43.9 86.4 38.0 83.6 27.3 73.0 24.0 45.8 25.5 58.3 12.2 49.6

E-RayZer→VGGT* 87.3 96.6 85.3 98.4 25.3 72.2 56.2 91.4 43.8 82.8 30.2 75.6 29.2 52.2 26.9 64.3 14.3 53.8

7
da

ta
se

ts

RayZer [25] 0.0 1.9 0.0 0.9 0.0 1.6 0.0 1.1 0.0 2.0 0.0 0.6 0.0 1.6 0.0 1.6 0.0 0.9

E-RayZer (ours) 59.9 82.9 84.1 97.5 30.3 74.2 63.1 85.3 26.0 76.5 9.8 47.3 22.3 45.5 24.6 56.1 5.7 34.8

VGGT* 66.1 88.9 85.2 98.5 43.4 83.5 76.8 96.0 31.1 78.0 22.9 66.3 19.0 49.9 28.8 67.3 13.1 54.8

RayZer→VGGT* 72.8 91.7 88.1 98.6 53.8 85.1 81.5 96.3 37.7 84.9 28.3 65.7 24.3 52.7 34.6 70.4 15.0 58.7

E-RayZer→VGGT* 78.8 92.8 91.0 99.1 58.9 86.3 86.4 96.7 42.7 88.3 35.2 64.4 31.5 57.7 41.5 73.7 22.0 65.2

poral batch size of 1, whereas VideoMAE V2 [61] uses 2),
we first resize or repeat the input so that the number of out-
put tokens matches that of our model. For these methods,
we generally adopt the “base” model checkpoints provided
in their official GitHub repositories, as they roughly match
the computational budget of our model.

C. Additional Details on Curriculum Ablation

In this section, we provide additional details on the baseline
setups used in Tab. 6. We compare our visual-overlap-based
curricula to two baseline strategies: (1) Non-curriculum
baseline, where we do not progressively increase the dif-
ficulty of training samples. Concretely, the geometric
visual-overlap score remains fixed within the range [0.5,
1.0] throughout training, without any linear decay. As
a result, the model encounters challenging samples (e.g.,
wide-baseline views) from the very beginning. (2) Frame-
interval-based curriculum, where geometric-overlap scores
are converted into frame intervals that linearly increase
over training. To construct the interval schedule for each
dataset, we pre-sample 10K sequences with geometric-
overlap scores in [0.5, 1.0] and set the maximum frame in-
terval to the 95th percentile of these sequences. This heuris-
tic implicitly defines dataset-specific hyperparameters that
would otherwise need to be manually tuned.

D. A Pose-supervised Baseline

We introduce a pose-supervised baseline whose pose esti-
mation module is trained using ground-truth camera poses
(typically obtained from running Structure-from-Motion
systems [48]), following prior supervised methods (e.g.,
DUSt3R [64] and VGGT [59]). In this baseline, the
Gaussian-based scene reconstruction module is still opti-
mized with a photometric loss; however, gradients from this
loss are not propagated back to the pose estimation module.
The results are shown in Tab. 7.

We observe that while the pose-supervised baseline
usually outperforms E-RayZer on coarse pose accuracy
(RPA@15°/30°), it consistently achieves lower PSNR for
novel-view synthesis. We attribute this weaker NVS per-
formance to a misalignment between the predicted poses
and the Gaussian prediction. To supervise pose estima-
tion, the ground-truth camera poses are normalized to a pre-
defined scale (e.g., 1.0), and the pose estimation module
learns to predict camera poses at this scale. However, the
Gaussian prediction module does not necessarily follow the
same scale. In practice, we observe many training instances
where the rendered Gaussians fall outside the image plane,
providing little or no useful photometric supervision.

In contrast, with our curriculum design, E-RayZer learns
pose estimation and Gaussian prediction jointly, allowing
both components to automatically align to the same scale.
This avoids the scale-misalignment issue and leads to more
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Table 9. Additional Results on Data Mixing and Scaling. We train E-RayZer with different combinations of datasets. Compared to
Tab. 5, we additionally include SpatialVID [60], a large in-the-wild video dataset. Results are color-ranked from red to yellow. Mixing
datasets improves distribution coverage, whereas simply using larger datasets does not necessarily yield better performance – both diversity
and data quality play critical roles.

Training Data # Seq.
NAVI [22] CO3Dv2 [44] ScanNet++ [75] DL3DV [35]

PSNR→ @5°→ @15°→ @30°→ PSNR→ @5°→ @15°→ @30°→ PSNR→ @5°→ @15°→ @30°→ PSNR→ @5°→ @15°→ @30°→

RE10K [85] 66K 17.2 1.8 16.9 34.0 19.1 0.6 8.3 26.0 17.5 1.1 13.3 37.3 17.3 21.2 55.0 72.7
SpatialVID [60] 100K 17.9 0.7 11.2 26.4 19.9 0.2 5.7 20.9 18.0 0.3 6.7 26.0 17.2 11.4 36.6 56.0
DL3DV [35] 10K 20.5 20.7 57.8 69.6 22.9 19.1 61.8 78.8 20.1 7.7 33.6 63.0 20.3 72.0 88.4 93.5
7-dataset Mix 352K 20.6 24.6 56.1 69.2 24.3 30.3 74.2 83.7 20.7 5.7 34.8 63.7 19.7 59.9 82.9 90.2

RayZer

E-RayZer

Reference 
Views

Reference 
Views

RayZer

E-RayZer

Figure 5. Additional Visual Comparison with RayZer [25] on Learned Features. We visualize feature maps using their top-three PCA
components. The features produced by E-RayZer exhibit stronger and more spatially consistent patterns that align well with the underlying
scene structure, whereas RayZer’s features show noticeable color shifts across frames.

stable training and stronger novel-view synthesis perfor-
mance. In short, this experiment further confirms the ben-
efit of our self-supervised 3D reconstruction framework for
both camera pose estimation and novel-view synthesis.

E. Additional Results on Pre-training

We present additional results where E-RayZer is used as
a pre-trained backbone for VGGT* (our re-implementation
of VGGT [59], matched to our architecture and training
data). We compare E-RayZer against RayZer [25] as an al-
ternative pre-training approach and evaluate pose accuracy
across multiple datasets.

Tab. 8 summarizes results under two training configu-
rations: using only DL3DV [35] and using a mixture of
seven datasets. Note that pre-training and supervised fine-
tuning are conducted on the same data (i.e., DL3DV or the

7-dataset mixture). In both settings, VGGT* initialized with
E-RayZer outperforms its RayZer-initialized counterpart on
most metrics, indicating that the representations learned
by E-RayZer provide stronger and more transferable pre-
training for downstream supervised pose estimation.

F. Further Analysis of Training Data

We further analyze how different training datasets affect
model performance.

Compared to Tab. 5, Tab. 9 additionally includes E-
RayZer results on a static subset of SpatialVID [60], a
large in-the-wild video dataset, and reports the number of
training sequences used in each setting. We observe that
a larger number of training sequences does not necessarily
yield higher performance. For example, the model trained
on 100K SpatialVID sequences performs comparably to the
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RealEstate10K [85] model (which uses 66K sequences), yet
significantly underperforms the DL3DV [35] model (which
contains only 10K sequences). We conjecture that this gap
stems from the noisy nature of in-the-wild data: SpatialVID
sequences originate primarily from internet videos, and our
training subsets are selected using their coarse dynamic-
ratio labels. Also, SpatialVID often features simple or near-
static camera motions. In contrast, DL3DV is carefully
curated without moving objects and contains high-quality
video sequences with diverse camera trajectories. These re-
sults support our earlier observations about data quality and
highlight the importance of data curation when scaling self-
supervised learning to large in-the-wild resources.

We also find that mixing datasets improves distribution
coverage and leads to better generalization. For instance,
models trained with mixed data perform better on the
object-centric CO3Dv2 [44] compared to models trained
solely on non-object-centric datasets.

Finally, we note that all experiments are conducted un-
der a fixed computation budget (i.e., 152K iterations with a
global batch size of 192). Within this controlled setting, our
results consistently suggest that diversity and quality of data
matter more than quantity for training self-supervised mod-
els. We believe that collecting diverse, high-quality data
remains both a key challenge and a promising direction for
future work.

G. More Qualitative Comparisons

Learned Feature Representations. In Fig. 5, we provide
additional qualitative results comparing the learned feature
representations of E-RayZer with those of RayZer [25]. The
feature maps produced by E-RayZer exhibit more stable
and coherent patterns across views, while RayZer’s feature
maps often display noticeable color shifts between frames.
These results suggest that E-RayZer learns feature represen-
tations that are more geometrically grounded.
Pose Estimation and Novel-view Synthesis. We
present additional qualitative comparison with baselines in
Fig. 6. Compared to SPFSplat [21], E-RayZer consistently
achieves better pose accuracy and higher-quality novel-
view synthesis, despite being trained entirely from scratch
without relying on pretrained priors such as MASt3R [33].
RayZer [25] generally produces high-quality novel views;
however, it often exhibits grid-like artifacts in uncertain re-
gions (highlighted with red bounding boxes). Moreover,
RayZer’s predicted poses are not physically aligned with
the scene, whereas the camera poses learned by E-RayZer
are geometrically grounded.
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Figure 6. Additional Visual Comparison with (Partially) Self-supervised Methods. We show results for both novel-view synthesis (left)
and pose estimation (right). The temporal order of the reference views is shown in the first row. Ground-truth poses are visualized in black,
and predicted poses are aligned to the ground truth via an optimal similarity transform. E-RayZer outperforms baselines in pose accuracy,
demonstrating its grounded 3D understanding. While RayZer [25] typically produces high-quality novel views, it often exhibits grid-like
artifacts in low-texture regions (highlighted with red boxes; best viewed when zoomed in), likely due to its latent-rendering formulation.
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Rust: Latent neural scene representations from unposed im-
agery. In CVPR, 2023. 3

[47] Kyle Sargent, Zizhang Li, Tanmay Shah, Charles Herrmann,
Hong-Xing Yu, Yunzhi Zhang, Eric Ryan Chan, Dmitry La-
gun, Li Fei-Fei, Deqing Sun, et al. Zeronvs: Zero-shot 360-
degree view synthesis from a single real image. In CVPR,
2024. 5

[48] Johannes L Schonberger and Jan-Michael Frahm. Structure-
from-motion revisited. In CVPR, 2016. 2
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