
Splatent: Splatting Diffusion Latents for Novel View Synthesis

Supplementary Material

0.1. Introduction
In the supplementary material we provide additional analy-
ses and results to support our main paper:
• Multi-view inconsistencies in VAE latents: Extended

analysis demonstrating that VAE 3D inconsistencies ex-
ist across various VAE architectures, not just the Stable
Diffusion VAE.

• Ablation studies: Experiments on multi-view attention
designs, noise scheduling, and LPIPS loss weight.

• Additional implementation details: Additional details
for reproducibility.

• Further quantitative results: Additional quantitative
comparisons.

• Further qualitative results: Additional visual compar-
isons across both optimization-based and feed-forward
settings.

0.2. Multi-view inconsistencies in VAE latents
In Sec. 4.2 of our main paper, we show that VAE latent rep-
resentations include high-frequency components that are in-
consistent across viewpoints. These inconsistencies result
in latent representations that lack 3D coherence, limiting
their direct use for 3D scene reconstruction and novel view
synthesis.

To demonstrate that these multi-view inconsistencies are
not tied to a specific VAE, we evaluate multiple VAE mod-
els, including SD [5], SD-XL [4], and FLUX [2]. Fig. 6
presents the spectral analysis of the latent representations
of all VAE models. For comparison, we also show the spec-
tral behavior of rendered RGB images. Across all tested
VAEs, latents spectral profile exhibits significantly larger
high-frequency components compared to RGB.

Importantly, we observe that all VAEs exhibit similar
3D inconsistencies: when optimizing 3DGS directly in the
latent space, the rendered latents consistently lose high-
frequency details relative to their encoded features (solid
vs. dashed line in Fig. 6). This indicates that the multi-view
inconsistency problem is a fundamental limitation of cur-
rent VAEs rather than an artifact of a specific model. The
persistent degradation across different VAE designs further
motivates our approach.

We further visualize this effect in Fig. 9 by projecting
the latent features channel dimension to 3 (RGB) using
PCA. As shown, rendered latent features appear notice-
ably smoother and lack the fine-grained texture present in
ground-truth VAE-encoded latents, visually confirming the
loss of high-frequency information during 3D reconstruc-
tion.

Table 4. Multi-view attention ablation. Comparison of different
attention mechanisms for multi-view context. Self-attention fol-
lows Difix3D+ [6] by modifying the diffusion architecture. Cross-
attention reduces memory by a factor of V but degrades perfor-
mance. Our grid-based approach achieves superior results without
architectural modifications.

Configuration PSNR ↑ SSIM ↑ LPIPS ↓
Self-attention 21.58 0.690 0.265
Cross-attention 21.29 0.683 0.273

Splatent (grid) 21.94 0.692 0.265

0.3. Ablation studies
In addition to evaluating the impact of the number of refer-
ence images (Section 5.4), we examine several other com-
ponents of our method. All ablations follow the experimen-
tal protocol described in Section 5.4.

Multi-view attention. In Sec. 4.3 we explain how we ar-
range the degraded latent with reference latents as a grid
to leverage reference views for recovering missing details
while preserving the geometry of the rendered latent. We
also experiment with different multi-view attention designs.
The results of these comparisons are reported in Tab. 4.

First, we follow Difix3D+ [6] by altering the design of
attention layers in the diffusion model. In this approach,
reference views are concatenated along the token dimen-
sion and fused through specialized attention blocks. This
yields slightly inferior performance and requires modifica-
tions to the original diffusion model architecture, making it
less generalizable to other diffusion architectures and future
models. In contrast, our grid-based input solution does not
necessitate any architectural changes, and yields the best
performance.

Alternatively, we experiment with using cross-attention
to provide multi-view context. In this design, we apply
cross-attention between the degraded input ẑ and the other
reference views {ziref}. To maintain the normal behavior
of the diffusion model and allow information sharing be-
tween similar input features, we preserve the self-attention
for each zref. Importantly, this results in reduced mem-
ory consumption. While self-attention requires O((VM)2)
memory, where V is the number of reference views and
M = h · w (h,w are height and width respectively), the
cross-attention implementation requires only O(VM2), re-
ducing memory consumption by a factor of V . Although
this approach slightly degrades performance, it is benefi-
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Figure 6. Spectral analysis across different VAE architectures. Magnitude spectrum of RGB images and latent features across various
VAE models (SD, SDXL, FLUX), normalized to 1 and clipped to radius 15. All VAE models exhibit the same phenomenon: during 3DGS
optimization, inconsistent high frequencies average out, leaving only low-frequency components and causing blurry decoded images. This
demonstrates that multi-view inconsistency is a fundamental limitation across current VAE models, and not tied to a single model.

cial in memory-constrained scenarios, such as when using
a large number of reference views, offering a trade-off be-
tween visual fidelity and computational efficiency.

Timestep selection. We also examine the impact of
timestep selection on reconstruction quality. The noise
scheduling in diffusion models determines the magnitude
of changes applied during denoising, with timesteps serv-
ing as a control parameter. Our fine-tuned model inher-
its behavior from the pre-trained diffusion model, which
has learned to apply progressively stronger modifications
at higher timesteps. This creates an inherent trade-off: at
very low timesteps, the model applies minimal changes,
failing to sufficiently refine the rendered latents and recover
lost high-frequency details. Conversely, at excessively high
timesteps, the model applies overly aggressive modifica-
tions that can hallucinate details inconsistent with the un-
derlying 3D representation, effectively “overwriting” the in-
put rather than refining it.

We train our model using 13 different timesteps (τ ∈
{10, 20, 30, 40, 50, 100, 200, 300, 500, 600, 700, 800, 900})
and evaluate them using PSNR, SSIM and LPIPS. As
shown in Fig. 7, our method demonstrates robustness
across a wide range of intermediate timestep values (ap-
proximately τ ∈ [100, 600]). As we fine-tune the diffusion
model, it adapts to the scaling needed to fix the degraded
input latent across a wide range of timesteps. Within
this range, performance remains stable with negligible
differences across metrics. This robustness is attributed
to our geometric grounding signal from the rendered
latents z̃, which provides rough structural constraints that
prevent hallucinations even at moderately high noise levels.
Additionally, the multi-view attention mechanism ensures
that refinements remain consistent with the reference views
{ziref}. We select τ = 300 as our default value, leading to

Table 5. Weight λLPIPS loss ablation. Impact of λLPIPS on recon-
struction quality. Removing LPIPS loss (λLPIPS = 0) significantly
degrades perceptual quality. Our method shows robustness across
λLPIPS ∈ {1, 2, 5} with stable PSNR/SSIM and moderate LPIPS
variation. We use λLPIPS = 2 for optimal balance.

Configuration PSNR ↑ SSIM ↑ LPIPS ↓
λLPIPS = 0 21.91 0.686 0.409
λLPIPS = 1 22.02 0.695 0.276
λLPIPS = 5 21.76 0.687 0.257

Splatent (λLPIPS = 2) 21.94 0.692 0.265

best results across all metrics.

Weight λLPIPS in loss. We conduct an ablation study on
the LPIPS loss weight λLPIPS from Eq 7, to analyze its im-
pact on reconstruction quality. As shown in Table 5, our
method demonstrates robustness to the choice of λLPIPS,
with relatively small performance variations across differ-
ent values. Removing the LPIPS loss (λLPIPS = 0) results
in notably worse perceptual quality, while introducing any
non-zero weight substantially improves perceptual metrics.
Across the range of λLPIPS ∈ {1, 2, 5}, PSNR and SSIM
remain stable, while LPIPS varies moderately.

We select λLPIPS = 2 as it provides a balanced perfor-
mance. However, the consistent performance across dif-
ferent weight values demonstrates that our approach is not
overly sensitive to this hyperparameter.

0.4. Feed-forward integration details
Fig. 8 illustrates our integration within the MVSplat360 [1]
pipeline, where blue components indicate our modifica-
tions. Unlike the original MVSplat360, which directly in-
puts rendered features to the video diffusion model, Spla-
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Figure 7. Timestep Selection. Our method demonstrates robustness across intermediate timestep values. Very low timesteps fail to
sufficiently refine details, while excessively high timesteps cause hallucinations. Performance remains stable within τ ∈ [100, 600].
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Figure 8. Splatent integration in MVSplat360. Our modifications to MVSplat360 are shown in blue. Unlike the original MVSplat360,
which directly inputs rendered features to the video diffusion model, we use our Splatent module to refine the rendered latents using
reference views. This refinement process recovers accurate high-frequency details lost during 3D reconstruction, and the refined features
are then input to the Video Diffusion model.

tent allows for information sharing with reference latents
before the Stable Video Diffusion (SVD) refinement stages.
Specifically, the 3DGS backbone first renders latent features
from the input views. Our Splatent module then refines
these rendered latents by injecting high-frequency details
from reference views during the single-step diffusion pro-
cess, recovering fine-grained information lost during 3D re-
construction. Finally, SVD performs temporal refinement
across the video sequence. Notably, we use pretrained
MVSplat360 weights for the 3DGS backbone and only fine-
tune SVD, demonstrating that Splatent enables seamless in-
tegration without requiring retraining of the 3D reconstruc-
tion component.

0.5. Additional implementation details.
Our code is publicly available. For comparisons, we use the
original repositories and pre-trained models. To construct
our dataset, closest cameras where chosen using both posi-
tion and rotation distance, using λ = 10:

d(c1, c2) = ∥t1 − t2∥2︸ ︷︷ ︸
position distance

+λ · (1− |q1 · q2|)︸ ︷︷ ︸
rotation distance

(1)

For the feed-forward setting, we follow MVSplat360’s [1]
reference view selection, which uses farthest point sampling
based solely on camera positions.

Table 6. Diffusion-based NVS Comparison. We evaluate perfor-
mance on Mip-NeRF360 with reference-only diffusion methods.

Setting Method PSNR↑ SSIM↑ LPIPS↓

Dense SEVA [8] 17.36 0.362 0.360
Splatent (Ours) 20.42 0.546 0.364

Sparse
SEVA [8] 14.47 0.295 0.503
NVC [3] 13.01 0.24 0.62
Splatent (Ours) 16.70 0.45 0.501

0.6. Further quantitative results

Diffusion-based Comparison. We evaluate SOTA
diffusion-based NVS on Mip-NeRF360 in dense and sparse
settings. While reference-only methods hallucinate details,
we rely on 3DGS which provides explicit 3D structure,
constraining outputs to the actual scene.

This comparison highlights a key distinction: reference-
only methods (SEVA, NVC) rely solely on diffusion pri-
ors, hallucinating details without geometric grounding. In
contrast, relying on 3DGS provides explicit 3D structure,
constraining outputs to the actual scene. This results in sig-
nificantly higher PSNR/SSIM.
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Figure 9. Visualization of VAE latent inconsistencies across different architectures. We visualize rendered latent 3D Gaussian splatting
versus ground truth VAE-encoded latents across multiple viewpoints and VAE architectures. For each VAE model (SD, SDXL, FLUX),
rendered latents consistently lose high-frequency information compared to ground truth latents, appearing smoother and lacking fine-
grained texture. This visualization complements Fig. 6, demonstrating that the multi-view inconsistency problem is pervasive across
different VAE architectures and manifests as visible loss of detail in the latent space.

Runtime and memory. Our method requires 6.3GB
memory and runs in 330 ms (+50 ms decoder), compared
to LRF which requires effectively only the decoder time.
For MVSplat360 integration, we add 5 seconds to MVS-
plat360’s 80 seconds. All measured on H100 GPU without
optimization.

0.7. Further qualitative results
Splatent. We provide additional qualitative comparisons.
Fig. 10 shows novel view synthesis results across diverse
scenes with varying complexity, lighting conditions, and

geometric structures. Consistent with our main findings,
Feature-3DGS [9] produces blurry outputs lacking fine-
grained details due to VAE latent inconsistencies, while
LRF [7] achieves better reconstruction at the cost of los-
ing high-frequency details. Our method consistently recov-
ers sharp textures and fine geometric details by effectively
injecting information from reference views while maintain-
ing 3D consistency. These results further demonstrate the
robustness and generalizability of our approach across dif-
ferent scene types and viewing conditions.
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Figure 10. Additional qualitative comparisons We compare Splatent to other latent radiance field methods on novel view synthesis
reconstruction quality. Feature-3DGS [9] exhibits considerable loss of detail, and LRF [7] improves upon this baseline but still fails to
recover fine details. In contrast, Splatent produces sharper and more faithful reconstructions. The scenes are taken from the DL3DV-10K
dataset.



Feed-forward integration. We further demonstrate that
Splatent can enhance feed-forward latent radiance field
methods, as shown in Fig. 11. MVSplat360 achieves sat-
isfactory results but exhibits two key limitations from oper-
ating directly in inconsistent latent spaces: geometric hal-
lucinations and lack of fine-grained textural details. By ap-
plying Splatent refinement to the rendered latents in MVS-
plat360, we recover sharp textures and eliminate geomet-
ric inconsistencies, yielding more faithful results. Impor-
tantly, this demonstrates the generalizability of our ap-
proach. Splatent can serve as a refinement module for
various latent-based 3D reconstruction methods, enhancing
their output quality while preserving their architectural ad-
vantages such as feed-forward efficiency.
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Figure 11. Additional feed-forward qualitative comparison. Our Splatent module improves feed-forward latent radiance field methods.
MVSplat360 [1] produces hallucinations and lacks fine details. Splatent yields sharper, more faithful reconstructions while preserving the
feed-forward efficiency.
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