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Abstract

We propose LVSM-VAE, an extension of the Large View
Synthesis Model (LVSM) [5] that is adjusted to train within
the latent space of a Variational Autoencoder (VAE) to re-
duce inference cost without compromising quality, enabling
the processing of longer image sequences at a given com-
pute budget.

1. Introduction

Novel View Synthesis (NVS) is a long-studied task in com-
puter vision that aims to generate novel perspectives of a
scene from reference frames and camera poses. Recent ad-
vances have transformed this field through new 3D repre-
sentations and rendering techniques. NeRF [10] introduced
aneural volumetric scene representation to synthesize novel
views [4, 6, 15], while 3D Gaussian Splatting (3DGS)
[7] proposed a more efficient representation of 3D scenes
[2, 13, 17]. In contrast, the Large View Synthesis Model
(LVSM) [5] eliminates the need for explicit 3D representa-
tions through a transformer-based framework that generates
novel views from sparse inputs. Two variants were pro-
posed: an encoder-decoder architecture that encodes im-
ages into a 1D latent scene representation for faster infer-
ence, and a decoder-only architecture that directly generates
novel views, achieving state-of-the-art quality. Subsequent
work proposed Projective Positional Encoding (PRoPE) [8],
a relative position encoding designed to capture complete
camera frustums in multi-view tasks, demonstrating im-
proved performance when integrated with LVSM. However,
LVSMs remain highly computationally expensive, requir-
ing up to 64 A100 GPUs for several days of training.

To mitigate this, we propose training LVSM-based mod-
els in a Variational Autoencoder (VAE) latent space in-
stead of the high-dimensional pixel space. This approach
is inspired by Latent Diffusion Models (LDM) [12], which
achieve strong generative performance by operating effi-
ciently within compressed latent representations.
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2. Related work

Optimization-based novel view synthesis models re-
construct scenes by optimizing a continuous 3D scene
representation for each individual scene from a set of
input images, which is then used to render novel views.
NeRF [10] introduced the optimization of a volumetric
neural radiance field via differentiable rendering, achieving
state-of-the-art results in NVS. Gaussian Splatting [7]
extends NeRF by representing scenes with explicit 3D
Gaussians instead of implicit fields, enabling significantly
faster rendering while maintaining comparable visual
quality. Numerous extensions build upon NeRF [6, 15] and
Gaussian Splatting [13, 17], or explore alternative scene
representations such as linear primitives in LinPrim [9].

Learning-based novel view synthesis models elimi-
nate per-scene optimization and instead learn to directly
infer a 3D scene representation from a set of input views.
PixelNeRF [18] and IBRNet [14] predict volumetric scene
representations from sparse context views by leveraging
learned 3D priors. PixelSplat [2] extends this line of work
by directly regressing 3D Gaussian Splatting representa-
tions. Large Reconstruction Models (LRMs) [4, 16, 20]
further scale this paradigm by training transformer-based
architectures on large and diverse datasets to acquire
strong 3D priors, while still relying on explicit 3D scene
representations.

Recently, LVSM [5] removed the reliance on explicit
3D scene representations by directly predicting target views
in a end-to-end manner in pixel space using a transformer
with minimal 3D inductive bias. While this formulation
enables flexible modeling and high-quality novel view
synthesis, LVSM remains computationally expensive due
to operating in pixel space. This motivates our approach to
perform view synthesis in a compressed latent space, in-
spired by latent generative models such as Stable Diffusion
[12].

Variational Autoencoder (VAE) encode RGB images
into a latent space of smaller spatial but higher channel
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Figure 1. LVSM-VAE architecture. The VAE-Encoder encodes the contex RGB image into latent space and the positional encoding
is transformed accordingly to the encoder reduction. Additionally we encode the target view position and give this to our transformer
architecture that then predicts the novel target view in latent space. At the end we decode the image again to get our target in pixel-space

dimensionality. Batifol et al. introduce a state-of-the-art
image generation model using a convolutional VAE with
open weights.

3. Method

To reduce the computational overhead of pixel-space view
synthesis while preserving the flexibility of LVSM, we
reformulate the model to operate directly in a compressed
latent space.

Our approach first employs a VAE encoder to map
the context images I; into latent representations It
following idea introduced in Stable Diffusion [12]. The
latent feature maps are then patchified with patch size
p into {7 e RP*PXC | j = 1,... HW/(Dp*)},
where D denotes the spatial downsampling factor of the
VAE encoder and C' the channel dimension of the latent
representation.

Before computing pixel-wise ray embeddings, we adapt
the intrinsic camera matrix K by scaling the focal lengths
and principal point coordinates by the downsampling factor
to ensure geometric consistency between pixel space and
latent space:
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Using the adjusted intrinsics, = we compute

ray embeddings and similarly patchify them into
{R'i‘ftje“t € RexPxC | 5 = 1,... . HW/(Dp*)}. We

then follow the end-to-end LVSM transformer architecture
[5] to predict the target latent representation.

The target camera pose is represented via ray embed-
dings RY, computed from the target extrinsic matrix 7"
and intrinsic matrix K'*. Context tokens are constructed
by concatenating the latent image patches I Z'»‘j;-e“t with their
corresponding ray embeddings R; ; and projecting them
through a linear layer. Target ray embeddings are projected
independently using a separate linear layer:
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q; = Linearmget(Ré) e R%. 3)

The model synthesizes the latent representation of the
novel view by conditioning the target tokens on the context
tokens using the LVSM architecture:
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A final linear output layer regresses the latent values of
each target patch:
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In contrast to the original LVSM formulation, we do not
apply a sigmoid activation at the output, as the latent val-
ues approximately follow a normal distribution. Finally, the
predicted latent patches are reshaped into their original spa-
tial layout and decoded using the VAE decoder to obtain the
synthesized novel view It in pixel space.

4. Experiments

This section introduces the dataset, describes the experi-
mental setup including how the comparison to the LVSM



baseline is conducted, and concludes with the training de-
tails.

4.1. Dataset

The RealEstate10k dataset was introduced by Zhou et al.
and adopted by many view synthesis models - including
the LVSM model and follow-up architectures. It consists of
10 million camera poses and frames extracted from 10,000
YouTube videos of interior scenes. We’re following the pre-
processing of Li et al. by rescaling and cropping the images
to 256x256 images.

The dataset is curated in a 90/10 train-test split and an
evaluation index mapping three reference views to two tar-
get views for a subset of test scenes is provided - ensuring
metrics of approaches validating on this dataset are compar-
ible.

4.2. Experimental setup

By experimentally masking out positions in latent space and
comparing the influence on the decoded image, we verify
that the latent encodings are spatially consistant with the
RGB images (see Section 10). By calculating the recon-
struction error of the encoding-decoding process, we verify
that the encoding does not introduce a relevant loss of infor-
mation.

4.3. Training details

The original LVSM architecture normalizes the RGB values
to [0, 1] and applies a sigmoid to ensure valid predictions.
As we calculated the latent values to approximately follow a
normal distribution A/ (0, 2.5) we remove this sigmoid. We
also adapt the loss formulation to the latent space by re-
taining the MSE term and removing the perceptual loss. To
avoid exploding gradients, we reduce the learning rate from
originally 4e—-4[5] to 5e-5 with a batch size of 8 and in-
troduce gradient clipping.

Peebles and Xie evaluate the influence of the token patch
size on quality and efficiency when training diffusion mod-
els on 32x32 VAE latent images and suggest 2x2 patches
as a sweetspot. The Flux.1 architecture follows this advice
[1] and so do we.

To keep the training efficient, we calculate training and
validation metrics solely in the latent space. To obtain
test metrics, we decode predictions back to the original
RGB image space and calculate perceptual metrics (SSIM,
LPIPS) in addition to reconstruction error (MSE, PSNR).

5. Results

Although we conducted limited hyperparameter tuning and
we stopped training before convergence after 870,000 steps,
our LVSM-VAE model achieves competitive results (see Ta-
ble 1) on the default evaluation index, which measures per-
formance in generating three novel views from two context

Method
LVSM-PROPE small,

PSNR1 LPIPS| SSIM

6-layers [8] 22.80 0.146 0.725
LVSM-VAE,
6-layers (ours) 21.49 0.286 0.668

Table 1. Quantitative comparison between LVSM-PROPE and
LVSM-VAE using the default RealEstate10k evaluation index.
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Figure 2. Inference GPU memory comparison between the 6-layer
architectures of LVSM-PRoPE and LVSM-VAE. The memory re-
quirements for encoder and decoder remain constant when sequen-
tially encoding reference views and bound the peak memory up to
16 context views.
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Figure 3. Inference time comparison between the 6-layer archi-
tectures of LVSM-PRoPE and LVSM-VAE. For LVSM-VAE the
processing time is dominated by sequential encoding that appears
to increase linearly with the number of reference views whereas
the forward pass time of the LVSM model in pixel space increases
exponentially.

images. This result demonstrates that LVSM-based novel
view synthesis can be transferred into a latent space with
minimal loss. During inference, GPU memory consump-
tion (Figure 2) and runtime (Figure 3) are dominated by
VAE encoding and decoding, while the cost of the LVSM
forward pass is substantially reduced. As a result, when
more than four reference views are provided, the LVSM-
VAE approach becomes efficient, exhibiting nearly constant
memory requirements up to 16 reference views.
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Figure 4. LVSM-VAE inference performance on LVSM-PRoPE context evaluation indexes. Comparison between LVSM-VAE trained on
two (blue) versus four (orange) reference images. When training on four references, we observe an improved performance when given

eight references.

Jin et al. find LVSM models trained on four input views
on the GSO dataset[3] to achieve even higher PSNR values
when processing up to 16 input views. Li et al. did not re-
produce this effect when training on two input views and the
RealEstate10k dataset while applying the original Pliicker-
based camera conditioning. However, they report a simil-
iar improvement of PSNR and SSIM values when imple-
menting PRoPE camera conditioning. Although we apply
the PRoPE conditioning as well and we evaluate against the
same sampling indexes [8], we find the the performance of
our LVSM-VAE model to degenerate when providing with
more than two reference images at test time (Figure 4).

We fine-tune the model with four reference-views and a
reduced learning rate of 3e-5 for another 17,000 steps and
a batch size of 2. As reported in Figure 4, we observed
improved metrics when providing more than two reference
views even beyond the trained constellation of four refer-
ence views.

6. Discussion

We find our assumptions validated as we successfully
trained an LVSM-model in a VAE latent space and mea-
sured significantly reduced runtime and GPU memory re-
quirements during inference. We note that generalizing to a
larger number of reference views required us to train on at
least four reference views.

7. Conclusion

We find our assumptions validated as we successfully
trained an LVSM-model in a VAE latent space and mea-
sured significantly reduced runtime and GPU memory re-
quirements during inference. We note that generalizing to a
larger number of reference views required us to train on at
least four reference views.

8. Future work

Future work can focus on optimizingTrain to conver-
gence Encoder-Decoder More Layers (full model) und
fine-tuning Higher image resolution Validation on more
other datasets
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9. Qualitative Results
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10. Spatial consistancy study

We explore the how Flux VAE maps spatial relationships
from pixel to latent space by masking out individual posi-
tions across all channels of the latent representations and

compare the decoded result to the
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11. Full scale architecture

12. High resolution training
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Figure 6. Inference memory comparison of the scaled architecture
(12 layers, latent dimension: 3072)
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Figure 7. Inference time comparison of the scaled architecture (12
layers, latent dimension: 3072)
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