Multi-view Pyramid Transformer: Look Coarser to See Broader

Supplementary Material

A. Additional Details.

Datasets. We adopt the official DL3DV [16] split for
benchmark dataset. In total, we use 9,995 scenes for train-
ing and 140 scenes for benchmarking, with no overlap be-
tween the two splits. For zero-shot inference, we use the
train and truck scenes in Tanks&Temples [13], fol-
lowing [12, 32], and 9 scenes in Mip-NeRF360 [3] dataset.
Considering our evaluation resolution of 960x 540, we use
downsampled images (from the original images) whose res-
olution is closest to, but not smaller than, this target resolu-
tion (Tab. 1).

scene name downsample scene name downsample

bicycle 4 room 2
bonsai 2 stump 4
counter 2 flower 4
garden 4 treehill 4
kitchen 2

Table 1. Resolution of Mip-NeRF360 evaluation dataset.

During evaluation, we select every eighth frame in each
sequence as target views:

* DL3DV: For input views, we follow Long-LRM [32] and
adopt their released indices for 16 to 128 input images.
For additional settings with 192 and 256 input images, we
uniformly sample input views from the remaining frames
after excluding all target indices.

e Tanks&Temples: For the 32-view setting, we use the
input-view indices provided by Long-LRM, while for the
64- and 128-view settings, input views are uniformly
sampled from non-target frames.

* Mip-NeRF360: For all view configurations (32, 64, 128),
input views are uniformly sampled from the frames ex-
cluding the target indices.

Importantly, target view indices are kept fixed across all

input-view configurations for each scene.

Implementation details. The proposed MVP architec-

ture consists of 14 transformer blocks. Within each atten-

tion [21] block, we first apply LayerNorm [2] to the input,
and then perform QK-Norm [9] on the query and key pro-
jections using an RMSNorm [29] layer. Each block com-
prises a multi head attention module with head dimension

64, followed by a two layer feed forward network with

GELU [8] activation. For the spherical harmonics repre-

sentation, we set the degree to 1 for color and 2 for opacity.

For the post-activation parameterization of 3D Gaus-
sians [12], we follow the implementations from Long-LRM

and iLRM [11]. For rendering, we employ the gsplat [27]

library for efficient differentiable rasterization.

We employ PRoPE [14], which represents camera poses

as relative positional signals within the attention mech-
anism. Unlike the original implementation, we use a
“Pliicker (extrinsics and intrinsics) rays + PRoPE” formu-
lation instead of “Cam (intrinsics only) rays + PRoPE”, as
we found this variant to yield better empirical performance.
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Method Stage 1 Stage 2 Stage 3 Seq. len. Hidden dim. # Register tokens

Final model Frame(2) Group(4) Global(8) (L, _%L, 116 L) (256,512,1024) 4 per frame

Figure 1. Architecture overview for our final MVP model. MVP
employs a multi-stage hierarchy performing self-attention across
increasing frame coverage: frame-wise, group-wise, and global.
Each stage is linked by an Intra-view Transition layer using con-
volution for spatial downsampling and channel up-projection. Fi-
nally, a Pyramidal Feature Aggregation module fuses multi-level
representations into a unified feature map.

Training details. We train MVP transformer using a three-

stage training schedule:

* First stage: We train at 480x 256 resolution for 100k iter-
ations with a learning rate of 2e~*. Each training sample
uses 32 input views and 12 target views, with a batch size
of 8 per GPU, resulting in a total batch size of 256. The
frame interval is uniformly sampled between 64 and 128.

* Second stage: We increase the resolution to 960x540

and train for 50k iterations with a learning rate of 2¢=5. In

this stage, we use 32 input views and 6 target views, with

a batch size of 2 per GPU for a total batch size of 64. We

sample input views from the full frame range and apply

the intrinsic augmentation strategy proposed in [32].

Third stage: We keep the resolution at 960x 540 and fur-

ther train for 30k iterations with a learning rate of 2e =2,

using various numbers of input and target views to im-

prove robustness across different view configurations. We

again draw input views from the entire frame range, while
continuing to use the intrinsic augmentation strategy.

For all stages, we use a cosine learning rate scheduler

(with a 3k-step warmup in the first stage only) and the

AdamW [17] optimizer with 57 = 0.9 and 82 = 0.95,

and a weight decay of 0.05. Weight decay is not ap-

plied to normalization and bias parameters. We also em-
ploy EMA [7] and do not use gradient clipping, following



16 views 32 views

Method

64 views 128 views

PSNR 1 SSIM 1 LPIPS | Time (s) | PSNR 1 SSIM 1 LPIPS | Time (s) /. PSNR 1 SSIM 1 LPIPS | Time (s) | PSNR 4 SSIM 1 LPIPS | Time (s) |

3D-GS3ox [12] 2196 0.766  0.237 8min 25.09 0.838 0.175 8min 28.02 0.890 0.134 8min 29.88 0917 0.115 8min
Long-LRM [32] 20.65 0.707 0.328 0.50 2354 0.776  0.270 0.84 23.15 0.787 0.263 2.08 20.78 0.741  0.307 6.39
iLRM [11] 21.62  0.746 0316 0.19 23.93 0.800 0.259 0.53 2411 0.816 0.243 1.66 2272 0.804 0.251 5.61
Ours 2349 0.799 0.238 0.09 2575 0.848 0.186 0.17 27.62 0.883 0.154 0.36 28.80 0.903 0.136 0.77

Table 2. Quantitative comparisons on the DL3DV evaluation dataset with varying numbers of input views. For all metrics, we report the

results by re-evaluating the models from their 32-view checkpoints.

192 views 256 views
PSNR 1 SSIM 1 LPIPS | Time (s) | PSNR 1 SSIM 1 LPIPS | Time (s) |

3D-GS3ox [12]  30.53  0.926  0.109 8min 30.75 0929 0.107 8min

Method

Long-LRM [32] OOM (GPU memory limit exceeded, 80 GB)

iLRM [11] 2157 0787 0267 1191 2062 0768 0283 2092
Ours 2932 0911 0130 123 2942 0913 0.128 184
Table 3. Quantitative comparisons on the DL3DV evaluation

dataset with varying numbers of input views.

[18]. To improve training efficiency, we employ FlashAt-
tention2 [5] and gradient checkpointing [4]. We also use
mixed-precision training with bfloatl6 to speed up opti-
mization while preserving numerical stability.

Tab. 4 provides our training configurations with differ-
ent numbers of input views. We adjust the batch size
and the number of target renderings to balance iteration
time and memory consumption. As described in the main
manuscript, we freeze the frame- and group-wise attention
blocks and train only the global attention blocks, which en-
ables efficient fine-tuning while preserving the learned local
and group representations.

# Input views 16 32 64 128

Batch size (per GPU) 4 2 1 1
# Target views 6 6 6 1

Table 4. Training configurations for varying input views.

B. Additional Results

We additionally evaluate our method on the recently re-
leased DL3DV [16] evaluation split, which comprises 51
scenes in our experiments. Tab. 2 and 3 present quanti-
tative results comparing our approach with 3D Gaussian
Splatting [12] (3D-GS), Long-LRM [32], and iLRM [11].
Our method surpasses existing feed-forward approaches by
a large margin in both reconstruction quality and inference
efficiency. We evaluate 16-view metrics of Long-LRM and
iLRM using checkpoints trained with 32 input views.
Additional zero-shot comparisons We also evaluate our
method on the real-world ScanNet++ [28] dataset in Tab. 5
under sparse input-view settings, which naturally reflects
robustness to larger viewpoint variations (Fig. 2).
Additional attention visualization. Using the first frame
as the reference view, we begin by selecting three query

Method 16 views 32 views 64 views

PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
Long-LRM 2442 0.873 0.224 2831 0909 0.195 2720 0.905 0.207
iLRM 2678 0.896 0.240 2845 0913 0214 2807 0914 0213
Ours 2741 0900 0.198 28.63 0910 0.187 29.11 0916 0.185

Table 5. Quantitative comparisons on the ScanNet++ dataset under
sparse input view setting.
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Figure 2. Qualitative performance on the ScanNet++ dataset.

patches. For each query patch, we visualize its top-3 at-
tended tokens from other viewpoints across different stages.
At stage 2, we display the attended tokens restricted to the
same group, whereas at stage 3, we additionally include to-
kens attended from views outside the group (Fig. 4).
Additional design choice. We ablate the number of views
per group (2, 4, and 8) in Tab. 6. In addition to our pri-
mary objective of novel view synthesis, we also evaluate
the model on a spatial cognition task [14]. In this task, one
camera pose in a set of image—camera pairs is corrupted and
the model must identify the mismatched pair, which probes
its multi-view awareness. We replace the 3D-GS linear de-
coder with a head that produces a single scalar per token.
For each input view, these scalars are averaged across all
tokens to yield a single score, and a softmax over all views
then produces a probability vector indicating which im-
age—camera pair is most likely to be corrupted. A group size
of 4 (baseline) offers consistently strong accuracy across
different numbers of views, while groups of 2 provide too
little context and groups of 8 bring only marginal gains with
higher computational cost. Therefore, we adopt a group size
of four as our default setting.

We also ablate the usage of register tokens in Tab. 7.
Register token [6] was introduced to mitigate abnormally
high token norm values and artifacts in the attention maps of
large Vision Transformer models, which often lead to atten-
tion artifacts and degraded dense prediction performance.
Consistent with this observation, we find that the variant



Novel view synthesis Spatial cognition

Method

PSNRT SSIM1T LPIPS| 8views 16views 32 views
Group 2 22.94 0.711 0.299 51.3% 75.7% 83.6%
Group 4 (baseline) ~ 23.18 0.716 0.300 77.1% 91.4% 96.4%
Group 8 23.18 0.717 0.297 84.3% 90.7% 97.1%

Table 6. Ablation studies on the number of views per group.

without register tokens exhibits higher L2 norms across
frames, while incorporating register tokens yields modest
performance gains. The configuration for this ablation is the
same as that of the ablation studies in the main manuscript.

Avg. intra-frame feature norm

Method PSNR SSIM LPIPS

Stage 1 Stage2  Stage 3

Baseline 2279 0.733  0.235 14.01 84.49 113.36
w/o Register  22.52  0.723  0.242 1598  286.61 229.82

Table 7. Ablation study on register tokens.

Point map estimation. In addition to novel view syn-
thesis, we also evaluate our method on point map esti-
mation, which quantifies the geometric accuracy of the
reconstructed 3D scenes represented with explicit primi-
tives. We evaluate point map accuracy on NRGBD [1] and
ETH3D [19], and report the Chamfer distance and the F1-
score. Specifically, we first back-project the ground-truth
depth maps into 3D point clouds using the camera poses.
We then rigidly align the predicted point clouds to these ref-
erence points with the Umeyama algorithm [20], and finally
apply the masks to discard points in invalid regions. We use
an image resolution of 960x 540, which matches the train-
ing resolution for both our method and the baselines. It is
important to note that both our approach and the baselines
are trained using only a photometric rendering loss from
3D-GS, in contrast to geometry-supervised methods that ex-
ploit ground-truth depth or point clouds [22-25]. Conse-
quently, the numbers in Tab. 8 should be read primarily as
evidence of relative improvements within this setting, rather
than as a direct comparison to fully geometry-supervised
models. Overall, our method outperforms the baseline, even
though the baseline is additionally regularized using pre-
trained DepthAnything [26] model during training.

Method Views NRGBD [1] ETH3D [19]
CD| Fl-scoret CDJ Fl-score
Long-LRM [32] 16 0.53 0.52 2.75 0.32
Ours 0.18 0.54 1.74 0.34
Long-LRM 1 0.43 0.59 2.69 0.39
Ours 0.14 0.56 2.22 0.42

Table 8. Quantitative comparison of point map estimation. We
set the threshold value for f1-score to 0.1. We exclude iLRM [11]
from this evaluation, as it predicts low-resolution Gaussians that
would require additional upsampling, potentially degrading its
performance and hurt a fair comparison.

Inference time comparison. Fig. 3 reports inference time
as a function of the number of input views. We measure
all timings at an input resolution of 960x 540 using the of-
ficial implementations released by the respective authors.
Our method exhibits substantially better scalability than ex-
isting feed-forward baselines, achieving consistently lower
latency across all view counts. Long-LRM encounters an
out-of-memory issue on a 80GB GPU once the number of
input views exceeds 192. Note that the reported inference
time only accounts for the generation of 3D Gaussians. For
novel view rendering, Long-LRM encounters a memory er-
ror when using more than 128 input views.
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Figure 3. Inference time comparison.

FLOPs comparison. We report theoretical FLOPs com-
parisons or our model with global- and alternating-attention
variants in Tab. 9, assuming 14 transformer layers and iden-
tical input tokenizers. Group size for our model is set to 4.
V, L, and D denote the number of views, the number of to-
kens per input view, and the hidden dimension, respectively.

PFLOPs with (V, L, D) input

Method Theoretical FLOPs

(32,1920, 1024) (32,8160, 1024) (128, 8160, 1024)
Global. Att. VLD(336D + 56V L) 0.24 4.0 62.93
Alter. Att. VLD(336D +28(1 + V)L) 0.13 211 31.89
Ours VLD(21D + (3.3125 + %)L + 1.5) 0.01 0.1 0.81

Table 9. Theoretical FLOPs comparison.

Robustness to camera pose. We evaluate the sensitivity of
our method to inaccurate camera poses on DL3DV bench-
mark dataset (32-view, 960x540) by adding random Gaus-
sian noise with varying standard deviations to the rotation
and translation components. As shown in Tab. 10, perfor-
mance degrades noticeably as noise increases, particularly
for translation perturbations. This indicates that our method
relies on reasonably accurate camera poses, which remains
a limitation to be addressed in future work.

Remarks on posed setting. We agree that known cam-
era poses may limit applicability in some cases. Never-
theless, posed settings still often remain highly relevant



0 0.001 0.005
PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

Rotation 2596 0.847 0.187 2465 0839 0.190 2334 0.746 0.237
Translation - 2475 0.804 0.204 2085 0.645 0.297

std.

Table 10. Robustness evaluations on camera pose.

in practice, including production-ready volumetric multi-
view video systems, autonomous driving with calibrated
cameras, and robotics applications where reasonably accu-
rate poses can be estimated from inertial sensors. We also
view posed multi-view modeling as an important step to-
ward unposed settings, as evidenced by recent transformer-
based approaches (e.g., GS-LRM [30], LVSM [10]) and
their follow-ups (e.g., VGGT [22], Depth Anything 3 [15]),
which adopt multi-view transformers as a core component.
We hope our work aligns with this evolution and provides a
solid foundation for future pose-free extensions.
Additional qualitative results. = We provide further
qualitative comparisons on the RE10K [31], DL3DV,
Tanks&Temples [13], and Mip-NeRF360 [3] datasets in the
remainder of this manuscript (Fig. 5, 6, 7, 8, 9 and 10).



Stage 2 (Group-wise Attention) Stage 3 (Global Attention)

Figure 4. Attention visualization. For colored query patches (red, oreen) in the reference view, we highlight top-3 attended tokens:
on the left, tokens attended within the group (blue overlay), and on the right, tokens attended within and outside the group (green overlay).

Ours-coarse Ours-fine

Figure 5. Qualitative results on the 4-view RE10K dataset. Per-pixel error maps are shown in the bottom-right corner of each image.



Figure 6. Qualitative results on the DL3DV-Benchmark across varying input view counts (128, 64, 32, and 16). The rows are arranged in
descending order of view count, with two rows displayed for each setting.
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Figure 7. Qualitative results on the DL3DV-Evaluation across varying input view counts (128, 64, 32, and 16). The rows are arranged in
descending order of view count, with two rows displayed for each setting.



Figure 8. Qualitative results on the Mip-NeRF360 (top three rows), and t ruck scene from Tanks&Temples (bottom row). We visualize
our rendering results with 32 input views, showing that our method demonstrates clear improvements on generalization and multi-view
consistency under sparse inputs.

GT 32 views 64 views 128 views
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Figure 9. Qualitative results on the Mip-NeRF360 (top two rows), and t ruck scene from Tanks&Temples (bottom row). We visualize

our rendering results as the number of input views increases, revealing progressively improved image quality and demonstrating that our
method scales effectively with the number of views.



Visualization of rendered color and depth maps from novel viewpoints
g y / 2, v 5
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Figure 10. Qualitative visualization of rendered color and depth maps from novel viewpoints using 32 input images. Scenes from DL3DV
(top four rows), Mip-NeRF360 (fifth and sixth row), and Tanks&Temples (bottom two rows) are shown.
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