Gen3R: 3D Scene Generation Meets Feed-Forward Reconstruction

Supplementary Material

1. Implementation Details

1.1. Processing Input Conditions

We employ multiple conditions into the diffusion process,
including a text prompt y, a condition image sequence
Teond With a flexible number of available frames (missing
images are set to zero), corresponding binary masks M and
optional per-view camera conditions 7.onq. The condition
images Z.,q are encoded into appearance latents A4 by
pretrained RGB VAE &yy:

EW :Icond — Acond S Rnthwxcv (1)

while the masks M are downsampled to M, € R?*hxwx4

to match the latent resolution. To ensure dimensional con-
sistency with the noised latents, we initialize the geometry
branch’s condition latents Goong € R™¥"%X¢ and corre-
sponding masks M, € R™"*h>xwx4 a5 zeros.

Finally, the appearance and geometry latents are fused
with their respective latent masks along the channel dimen-
sion, and the two modalities are further concatenated in the
width dimension to construct the unified condition latent:

Zeond = [Acond®Ma; gcond@Mg] € RnthszC/a (2

where (-@-) means concatenation along channel dimension,
and ¢’ = ¢ + 4. The input to the diffusion model is then
constructed by concatenating the noised latents Z; with the
condition latents Z.,, along the channel dimension:

Zin = Zt @ Zcondv (3)
Ge : Zm — thL (4)
1.2. Model Architectures

Geometry Adapter. We obtain our adapter (Eadp, Dadp)
by modifying Wan’s causal VAE [11]. The adapter projects
VGGT [12] geometry tokens V € RN X LxhexwexC ijntg the
video diffusion model’s latent space and maps them back:

Eadp 1 V = G € RIXwxe, )
Dadp . g S Ve RNxLthXwUxC, (6)

where L. = 5, since we broadcast VGGT’s camera tokens
of each frame to the spatial resolution h,, X w,, (h, = w, =
40), and concatenate it with the other 4 tokens along the L
dimension.

To match the VAE input format, we first reshape )V into
V' e RN *hoxwox(LXC) - Accordingly, we set the adapter
input dimension to L x C' = 10240 and use hidden di-
mensions [512, 256, 128, 128]. We then re-sample the in-
put tokens V' to a spatial resolution of h X w = 70 x 70
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Figure 1. Qualitative Comparison of Geometry Generation in
the 2-view based setting.

Ours

Figure 2. Qualitative Comparison of Geometry Reconstruc-
tion.

using nearest-exact interpolation, and apply a 2D convolu-
tion to project the channels to 1024. The resulting features
are processed by causal convolution layers, where we keep
the spatial resolution unchanged, yielding geometry latents
G € R™*hxwxe  Similarly, the decoder Dagp mirrors the
encoder architecture in reverse, reconstructing the geometry
tokens V from the latents G.

Diffusion Transformer. We adapt the DiT architecture
from VideoX-Fun’s Wan2.1 [11] to accommodate our joint
appearance-geometry latents. Specifically, we set the input
channel dimension to ¢ + ¢’ = 36. To support width-wise
concatenation of appearance and geometry latents, we mod-
ify the positional embeddings so that corresponding pix-
els in the left and right halves of the latents share identical
RoPE embeddings.



Cond. Co3Dv2 WildRGB-D TartanAir

Method PSNRT SSIMT LPIPS| 12V Subj.t I12VBG?T 1Q.1t PSNRt SSIMt LPIPS| I2VSubj.t I2VBGT 1Q.T PSNRT SSIMT LPIPS| I2VSubj.t I2VBG?T 1Q.1
1-view

LVSM [4] 1408 05623  0.5698 0.9482 09581  0.3579 13.9483 0.5239  0.5195 0.9692 09713 04004 1444 05044  0.5210 0.9325 0.9540  0.3542
Gen3C [8] 1582 05666  0.5095 0.9134 09355 04335 1460  0.5463  0.4513 0.9622 09646 04629 1395 04731  0.5385 0.9142 0.9403  0.3713
GF [14] 10.25 0.3150  0.6761 0.7933 0.8193 0.5320 11.8944  0.4147 0.5940 0.9215 0.9214 0.5310 10.21 0.3249  0.6249 0.7447 0.7864 0.4379
Aether [10] 12.78 0.5106  0.6052 0.9229 0.9395 0.4411 11.87 0.4289  0.5973 0.9595 0.9614 0.4786 12.88 0.4585  0.5645 0.9295 0.9480 0.4303
WVD [18] 13.35 0.4733 0.5765 0.9339 0.9484 0.5355 12.95 04522 0.5362 0.9669 0.9671 0.5513 12.77 0.4513  0.5652 0.9271 0.9473 0.4571
Ours 16.09  0.5754  0.4997 0.9535 0.9588  0.5383 1473  0.5501  0.4398 0.9715 09716  0.5609 15.04  0.5069  0.5073 0.9350 0.9546  0.4620
2-view

DepthSplat [16] 1045 03262 0.6167 0.8314 0.8585  0.2992 1622  0.5382 04518 0.9012 0.9067  0.3779  13.87 04585  0.5195 0.8073 0.8474  0.3301
LVSM [4] 17.87 05986  0.4534 0.9467 09519 04064 19.13  0.6789  0.3134 0.9747 0.9730  0.4555 17.79  0.5685  0.4265 0.9415 0.9569  0.3628
Gen3C [8] 17.16  0.5927 04776 0.9149 09361 04263 1781 0.6307  0.3882 0.9636 09651 04634 1524  0.5055  0.5318 09119 0.9376  0.3668
GF [14] 12.67 0.3855 0.5998 0.7645 0.7925 0.4969 13.51 0.3991 0.4609 0.8785 0.8852 0.5374 12.06 0.3670  0.5666 0.7447 0.7946 0.4589
Aether [10] 14.28 0.5405 0.5498 0.9322 0.9426 0.4647 13.79 0.4884  0.5161 0.9491 0.9512 0.4685 14.53 0.4989  0.5153 0.9294 0.9496 0.4267
WVD [18] 14.66 0.5101 0.5334 0.9246 0.9409 0.5306 16.27 0.5421 0.4098 0.9631 0.9646 0.5627 14.22 0.4605  0.5266 09116 0.9371 0.4680
Ours 18.01  0.6085  0.4371 0.9547 0.9597  0.5405 18.88  0.6448  0.3256 0.9746 0.9755  0.5685 17.34  0.5581  0.4416 0.9385 0.9559  0.4748

Table 1. Quantitative Comparison of Appearance Generation. We compare both 1-view and 2-view settings with camera conditions.

g RealEstate 10K DL3DV-10K
£  Method
© 12V Subj.+ I12VBGT Aes.Q. 7T 1Q. 1 M.S.1T I2VSubj.t I2VBGT Aes.Q.T 1Q. 71 M.S. 1
g | Aether [10] 0.9743 0.9770 0.5118 0.5060  0.9885 0.9377 0.9501 0.4704 0.4872  0.9600
-E WVD [18] 0.9815 0.9843 0.5125 0.5653  0.9895 0.9274 0.9412 0.4555 0.4916  0.9542
— | Ours 0.9879 0.9890 0.5291 0.5761  0.9929 0.9461 0.9561 0.4727 0.5187 0.9701
g | Aether [10] 0.9852 0.9843 0.5278 0.5187  0.9923 0.9485 0.9521 0.4846 0.5026  0.9685
~§ WVD [18] 0.9929 0.9923 0.5336 0.5973  0.9938 0.9403 0.9518 0.4760 0.5338  0.9685
& | Ours 0.9949 0.9947 0.5369 0.6009  0.9947 0.9549 0.9576 0.4881 0.5357 0.9719
Table 2. Quantitative Comparison of Appearance Generation without camera conditions.
Cond. LLFF Mip-NeRF 360 ScanNet++ [ : i
Method PSNR1 LPIPS| PSNRT LPIPS| PSNRT LPIPS =K ﬁﬁ m
1-view i ‘J B4 w 87 7
LVSM [4] 12.39 0.5742 12.71 0.6328 15.25 0.4531 SR ‘-W" - 2 e
SEVA[19] 1143 06562 1277 05898 1397  0.4688 Input Bolt3D Ours
Aether [10]  11.01  0.6133  11.06  0.6640 1247  0.5351 Figure 3. Quali. Comparison with Bolt3D in 1-view setting.
Ours 13.19 0.5078 13.17 0.5703 15.42 0.4420
2 view Method PSNR{ SSIMt  LPIPS)
LVSM [4] 18.39 0.3266 15.56 0.5039 21.31 0.2754 1-view Bolt3D 21.54 0.747 0.234
SEVA [19] 16.86 0.3769 14.86 0.5080 18.07 0.3438 RE10K Ours 22.36 0.762 0.204
Aether [10]  13.66 04589 1143 06289  17.14  0.4018 ;
Ours 1766 03496 1532  0.4941 2011 02964 2-view Bol3D  23.13 0806  0.166
REI10K Ours 26.65 0.851 0.151
Tabg: 3. ?lll)ﬁfntl?:)ltl\te C]o)mparlson “(I)f Appeara]rjlcehGlen.eratlog P view Bolt3D 17.38 0437 0390
on . ut-o: - lStl‘l. ution atasets..‘ e compare both 1-view an Co3Dhyd.  Ours 17.84 0.478 0372
2-view settings with camera conditions.
2-view Bolt3D 18.94 0.605 0.393
Co3D ted. Ours 19.81 0.722 0.390

2. Additional Comparison Results
2.1. 3D Generation

Comparison on 3D Generation with Camera Condi-
tions. We provide the full appearance evaluation results on
Co3Dv2 [7], WildRGB-D [15] and TartanAir [13] datasets
in Tab. 1. Gen3R consistently surpassing existing methods
across all metrics and datasets in the 1-view setting, and
achieves leading performance in the 2-view setting. Addi-
tional qualitative comparisons of 3D generation are shown
in Fig. 4 and Fig. 1. As observed, LVSM [4], Aether [10]
and WVD [18] fail to synthesize images from novel view-
point in 1-view setting, primarily due to poor camera con-
trollability. While Gen3C [8] can generate plausible con-
tents, it exhibits notable shifts caused by inaccurate depth

Table 4. Quantitative Comparison with Bolt3D.

estimation. In contrast, our methed produces high-fidelity
results that adhere closely to the camera conditions and
maintain better 3D structure, as shown in Fig. 1.

Comparison on 3D Generation without Camera Condi-
tions. We further demonstrate our capability to generate
3D scenes from images without camera conditions. To as-
sess this, we report the VBench Score [2, 3], focusing on
12V Subject (I2V Subj.), I2V Background (I2V BG), Aes-
thetic Quality (Aes.Q.), Imaging Quality (I1.Q.) and Motion
Smoothness (M.S.) on RealEstatel0K [20] and DL3DV-
10K [5] datasets. As shown in Tab. 2, our method clearly
outperforms Aether [10] and WVD [18], illustrating its su-
perior ability in generating high-quality 3D scenes.



Input LVSM [4] Gen3C [8] Aether [10] WVD [18] Ours Ground Truth

Figure 4. Qualitative Comparison of Novel View Synthesis in 1-view setting with camera conditions.

Input Generated Frames Point Cloud

Figure 5. More Qualitative Results in 1-view setting with camera conditions.

Comparison on 3D Generation on Out-of-Distribution training datasets. As shown in Tab. 3, our method han-
Datasets. We report appearance generation results in 1- dles these unseen scenes well, yields conclusions consis-
view and 2-view settings on LLFF [6], Mip-NeRF 360 [1] tent with the main paper, and demonstrates superior perfor-
and ScanNet++ [17] test sets, which are excluded from the mance over SEVA [19].



Generated Frames
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Figure 6. More Qualitative Results in 2-view setting with camera conditions.

Input Generated Frames

Point Cloud

Figure 7. More Qualitative Results in 1-view and 2-view settings without camera conditions.

Comparison with Bolt3D. Rendering our point cloud re-
quires 3DGS-head, which we consider promising future
work. Currently, we compare our generated multi-view ap-
pearance with Bolt3D [9] renderings using their official test
split in Tab. 4 and Fig. 3. Although this setup is not per-
fectly fair, our superior results highlight Gen3R’s strength
in producing high-fidelity appearance, validating the RGB
quality needed to lift high-quality appearance into 3D rep-

resentations.

2.2. Feed-forward 3D Reconstruction

Comparison on Camera Pose Estimation. We evaluate
our method on RealEstate 10K and WildRGB-D datasets for
camera pose estimation, as reported in Tab. 5. Our approach
achieves competitive results compared to VGGT, while no-
tably surpassing Aether, showing the versatility and robust-
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Figure 8. More Qualitative Results of feed-forward reconstruction.

RealEstate]l0K ~ WildRGB-D

Method

AUC@30 1 AUC@30 1
Aether 0.7291 0.7303
VGGT 0.8387 0.8406
Ours 0.8265 0.8391

Table 5. Quantitative Comparison of Camera Pose Estimation
in feed-forward 3D reconstruction.

Method ScanNet++

Accuracy |  Completeness J CD |
Aether 0.3187 0.3022 0.3105
VGGT 0.1396 0.1162 0.1279
Ours 0.1455 0.0963 0.1209

Table 6. Quantitative Comparison of Zero-shot Geometry Re-
construction in ScanNet++ dataset.

RealEstate 10K DL3DV-10K
Method
PSNR1 SSIMT LPIPS| PSNRT SSIMt LPIPS |
VGGT" [12] 233927  0.8346 0.2341 22.6958  0.7557 0.2910
RGB VAE[11] = 37.5770  0.9819 0.0288 32.7673  0.9057 0.1031

Table 7. Quantitative Comparison for RGB Reconstruction.
We train an RGB head for VGGT to reconstruct images from ge-
ometry tokens. * indicates our implementation.

ness of our model.

Comparison on Geometry Reconstruction. =~ We pro-
vide additional qualitative results of feed-forward 3D re-
construction compared with VGGT [12] in Fig. 2. It can
be observed that VGGT produces noticeable floaters in the
reconstructed point clouds, while our method generates sig-
nificantly cleaner geometry.

In addition, to evaluate zero-shot generalization, we
compare Gen3R with VGGT on ScanNet++ [17] test split.

As shown in Tab. 6, VGGT slightly outperforms Gen3R in
accuracy; however, our method achieves better complete-
ness and better chamfer distance, indicating that our method
generalizes reasonably to unseen scenes.

2.3. Ablation Study

RGB Head for VGGT. To validate the effectiveness of our
joint latents design, we train an RGB head for VGGT to
enable direct RGB reconstruction from its geometry tokens
V. We then compare its RGB reconstruction quality with
that of Wan’s RGB VAE [11]. The results are presented
in Tab. 7. RGB VAE significantly outperforms VGGT", as
VGGT is designed primarily for geometry modeling and
lacks sufficient capacity for RGB feature extraction and
high-fidelity appearance reconstruction. This observation
also motivates our choice to decode appearance and geom-
etry separately. By combining the strengths of both pre-
trained models, we achieve photorealistic video generation
together with high-quality 3D structure.

3. More Results of Gen3R

We present additional qualitative results for both 3D gen-
eration and feed-forward 3D reconstruction in this sec-
tion, including: 1) 3D Generation with Camera Condi-
tions (see Fig. 5 and Fig. 0); 2) 3D Generation without
Camera Conditions (see Fig. 7); and 3) Feed-Forward 3D
Reconstruction (see Fig. 8). We visualize the generated
frames, depth maps of the sequences, and the global point
clouds of the scenes.

Our method synthesizes globally consistent and photore-
alistic 3D scenes under diverse input conditions and effec-
tively handles a wide range of scenarios, including indoor



scenes, outdoor environments, and object-centric cases.
Thanks to our design, the model exhibits strong camera con-
trollability under conditioned settings, while also enabling
free scene navigation in the absence of camera inputs. Com-
bined with support for multiple output modalities, Gen3R
provides fine-grained and coherent 3D scene generation
across both constrained and unconstrained regimes.
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