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Abstract

We present a novel framework for high-fidelity novel view
synthesis (NVS) from sparse images, addressing key limita-
tions in recent feed-forward 3D Gaussian Splatting (3DGS)
methods built on Vision Transformer (ViT) backbones. While
ViT-based pipelines offer strong geometric priors, they are
often constrained by low-resolution inputs due to compu-
tational costs. Moreover, existing generative enhancement
methods tend to be 3D-agnostic, resulting in inconsistent
structures across views, especially in unseen regions. To over-
come these challenges, we design a Dual-Domain Detail
Perception Module, which enables handling high-resolution
images without being limited by the ViT backbone, and
endows Gaussians with additional features to store high-
frequency details. We develop a feature-guided diffusion net-
work, which can preserve high-frequency details during the
restoration process. We introduce a unified training strategy
that enables joint optimization of the ViT-based geometric
backbone and the diffusion-based refinement module. Exper-
iments demonstrate that our method can maintain superior
generation quality across multiple datasets.

1 Introduction
Scene understanding and novel view synthesis have seen
rapid progress in recent years (Dong et al. 2022; Zhai et al.
2025b,a), largely driven by the transformative impact of
differentiable rendering (Mildenhall et al. 2021) on dig-
ital content creation. Specifically, 3D Gaussian Splatting
(3DGS) (Kerbl et al. 2023) has achieved an unprecedented
breakthrough in this domain, enabling high-fidelity render-
ing with remarkable performance. However, this approach
faces a critical limitation: 3DGS requires extensive, time-
consuming optimization for each individual scene, which
serves as a significant bottleneck, prohibiting efficient ap-
plications and limiting its generalizability.

To overcome this limitation, a new paradigm has emerged
built upon 3D foundation models (Wang et al. 2024; Leroy,
Cabon, and Revaud 2024; Wang et al. 2025), which typi-
cally leverage a pre-trained Vision Transformer (ViT) back-
bone. By integrating these powerful 3D geometric priors
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Figure 1: Starting from unposed input images, our method
reconstructs 3D Gaussians within a canonical space, and
leverages a one-step Stable Diffusion (SD) module to syn-
thesize high-fidelity target views.

with 3DGS, such methods (Ye et al. 2024; Jiang et al. 2025a)
can synthesize novel views from unposed sparse views via
rapid single-pass inference. Although this advancement sig-
nificantly boosts efficiency and generalization, a notable
quality gap persists. These feed-forward models often strug-
gle to generate high-fidelity novel views, particularly in ren-
dering high-frequency details. A straightforward strategy
might be to feed high-resolution images directly into a larger
ViT backbone. However, this approach results in substantial
memory overhead and restricts the network’s applicability
in real-world scenarios. It is essential to propose an efficient
module to enhance the capability of ViT-based backbones to
infer high-grained features more effectively.

Moreover, 2D generative models, such as diffusion mod-
els, excel in capturing intricate details and textures, enabling
them to produce high-quality 2D images. However, their di-
rect application as a post-processing step for NVS presents a
fundamental conflict: these models are 3D-agnostic, result-
ing in inconsistent structures across views. Compounding
this issue is their notoriously slow, iterative sampling pro-
cess. Our work overcomes these hurdles with a carefully de-
signed Feature-Guided One-Step Diffusion architecture that
is both fast and geometrically aware. The core of our inno-
vation, however, lies in how we guide the generation to re-
spect the scene structure. As illustrated in Fig. 3, we employ
a two-pronged conditioning strategy. A dedicated guidance
branch relays explicit geometric priors from the 3D back-
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bone, anchoring the generative process to the scene’s true
structure. Simultaneously, the input view serves as a refer-
ence condition, guaranteeing that the final output preserves
fine-grained information.

Consequently, we achieve an end-to-end framework to en-
hance the high-quality novel view synthesis from unposed
sparse inputs, as shown in Fig. 1. Specifically, the main con-
tributions of our work are as follows:
1. We design a Dual-Domain Detail Perception Module

(DD-DPM), which enables handling high-resolution im-
ages without being limited by the ViT backbone, and en-
dows Gaussians with additional features to store high-
frequency details.

2. We develop a Feature-Guided One-Step Diffusion archi-
tecture, which can preserve high-frequency details during
the restoration process.

3. We propose an integrated training framework that allows
end-to-end training of the ViT reconstruction backbone
and the diffusion-based image enhancement module.

2 Related Work
Radiance fields for novel view synthesis. Neural Radi-
ance Fields (NeRF) (Mildenhall et al. 2021) model contin-
uous volumetric density and radiance, enabling high-quality
novel view synthesis but relying on positional encoding and
importance sampling, which limits real-time performance.
3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) instead
represents a scene with millions of anisotropic Gaussians
and uses differentiable rasterization to achieve photoreal-
istic rendering at over 30 FPS (1080p). Its efficiency has
spurred extensions in rendering (Lu et al. 2024; Dong et al.
2024), surface reconstruction (Huang et al. 2024a; Chen
et al. 2024a; Yu, Sattler, and Geiger 2024), generation (Yi
et al. 2023), and scene understanding (Qin et al. 2024; Jiang
et al. 2025b). Despite these advances, both NeRF and 3DGS
rely on dense posed images and require per-scene optimiza-
tion, limiting their practicality in sparse-view settings.
Generalizable 3D Reconstruction for Sparse View. With
the rise of pre-trained foundation models (Wang et al. 2024;
Leroy, Cabon, and Revaud 2024; Wang et al. 2025) that
encode strong geometric priors, feed-forward novel view
synthesis (NVS) from sparse inputs has received increas-
ing attention. Unlike other modality-based 3D reconstruc-
tion methods (Zhang et al. 2024; Zhang et al.), these ap-
proaches (Zhang et al. 2025; Ye et al. 2024; Jiang et al.
2025a) generally leverage foundation models as backbones
to extract geometric cues and improve reconstruction qual-
ity. MuRF (Xu et al. 2024) aggregates multi-view in-
formation through cost-volume construction, while pixel-
Splat (Charatan et al. 2024) exploits epipolar geometry to
achieve more accurate depth estimation.
Diffusion priors for novel view synthesis. Incorporating
diffusion models into reconstruction tasks has been shown
to enhance the quality of novel view generation. Recon-
Fusion (Wu et al. 2024) leverages 2D diffusion priors to
recover high-fidelity NeRF from sparsely sampled input
views. DiffusionNeRF (Wynn and Turmukhambetov 2023)
employs a diffusion model to learn gradients of logarithmic

RGBD patch priors, which serve as regularized geometry
and color for a scene. Nerfbusters (Warburg et al. 2023)
utilizes diffusion priors to remove artifacts. Methods such
as ReconX (Liu et al. 2024), 3DGS-Enhancer (Liu, Zhou,
and Huang 2024), and Difix3D+ (Wu et al. 2025a) require
per-scene optimization (e.g., Difix3D+ takes 15–30 minutes
per scene) and perform poorly under sparse inputs. MVS-
plat360 (Chen et al. 2024b) directly denoises rendered fea-
tures via video diffusion, but is time-consuming, whereas
LatentSplat (Wewer et al. 2024) relies on a lightweight VAE-
GAN decoder and does not exploit the generative capabili-
ties of a UNet for denoising. Our goal is to achieve feed-
forward novel view synthesis under sparse viewpoints by
using one-step Stable Diffusion for refinement.

3 Method

Given unposed sparse-view images {Ii}Ni=1 ∈ RH×W×3

and their intrinsics {ki}Ni=1 ∈ R3×3, Our method learns a
feed-forward network to generate 3D Gaussians for novel
view synthesis (NVS), with an additional refinement mod-
ule applied to further improve rendering quality. The scene
can be represented by 3D Gaussian Splatting (3DGS): gj :=
{µj , sj, qj, oj , cj}. Here, µj ∈ R3 and oj ∈ R denote
the Gaussian center and opacity, sj ∈ R3 and qj ∈ R4

define the 3D covariance, and cj ∈ [0, 1]3 represents RGB
color via spherical harmonics coefficients. These primitives
allow efficient modeling of 3D geometry and appearance for
high-quality novel view synthesis. The overall pipeline of
our method is illustrated in Fig. 2. Our network architecture
consists of an encoder, a decoder, Gaussian parameter pre-
diction heads, and a final enhancement module.

3.1 Geometry Transformer Backbone

Given unposed images Ii, we use a pretrained Vision Trans-
former (ViT) module (Leroy, Cabon, and Revaud 2024) to
acquire the geometric information of the scene. Following
the design in (Leroy, Cabon, and Revaud 2024), the geome-
try transformer module comprises an encoder and a decoder.
Encoder. We initially patchify each RGB image Ii into se-
quences of image tokens tIi . To enhance the network’s capa-
bility of perceiving geometric information and thereby fur-
ther optimize reconstruction quality, we inject the intrinsic
parameter information of each image into the model. Specif-
ically, we inject camera intrinsic parameters [fx.fy, cx, cy]
of each image into a linear layer to obtain global feature to-
kens tCi , which are then expanded to corresponding image
tokens. Next, the concatenated tokens from each view are
individually input to a ViT encoder, with the encoder em-
ploying shared weights across all views.
Decoder. The combined tokens from the encoder are then
input into the ViT decoder, where cross-view information
interaction is achieved through attention modules, resulting
in features that contain global geometric information. This
global feature is then used to estimate 3D scene parameters,
such as point clouds and Gaussian parameters.
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Figure 2: Overview of our pipeline. Starting from a set of unposed images, we first perform spatial downsampling and feed
them into a Vision Transformer (ViT)-based backbone for global feature extraction. Simultaneously, we employ a Dual-Domain
Detail Perception Module to enhance fine-grained detail perception from both spatial and frequency domains. The fused features
are passed into Gaussian Parameter Prediction Heads to directly predict Gaussians with features in a canonical space. Finally,
a Single-step Denoising module refines these outputs to produce higher-quality novel view synthesis (NVS) results.

3.2 Detail-Aware Scene Reconstruction

Due to memory constraints, existing feed-forward net-
works (Charatan et al. 2024; Ye et al. 2024) based on pre-
trained transformer foundation models (Wang et al. 2024;
Leroy, Cabon, and Revaud 2024; Wang et al. 2025) com-
monly restrict input images to low resolutions such as (256×
256). However, high-resolution images are readily available
in real-world scenarios, and directly feeding their downsam-
pled versions into the Geometry Transformer Backbone can
lead to the loss of critical structural and appearance infor-
mation. Feeding high-resolution images directly into the ViT
backbone, or employing additional complex modules to han-
dle them, results in substantial memory overhead. This in-
creases the computational burden and restricts the network’s
applicability in real-world scenarios. To address this issue,
we propose two methods to enable detail-aware reconstruc-
tion. First, we introduce a lightweight Dual-Domain Detail
Perception Module (DD-DPM), which efficiently extracts
informative cues from high-resolution inputs with low mem-
ory overhead and feeds them into the Gaussian Parameter
Prediction Heads. Second, we extend the feature dimension-
ality of each Gaussian and implicitly inject information from
neighboring pixels in the high-resolution image into the cor-
responding Gaussian features, thus enhancing the preserva-
tion of fine-grained details.
Dual-Domain Detail Perception Module. To better cap-
ture both local textures and global patterns, we propose
a Dual-Domain Detail Perception Module (DD-DPM) that
processes image data jointly in the spatial and frequency
domains. Converting images into the frequency domain
is a widely adopted strategy, particularly in image super-
resolution tasks, as frequency components encode global
structures without relying on a strict spatial correspondence.
This property enables more flexible and effective model-
ing of image details. Motivated by this, we incorporate a

frequency-domain adaptation module to enhance the expres-
siveness of the extracted features. The module begins by ap-
plying a 2D Fourier transform to obtain spectral representa-
tions of the input images.

z(ξ) = F(Ii), (1)

where F denotes the Fourier transforms and ξ is the fre-
quency domain variables. To focus on the most informative
spectral signals, we use an MLP to predict importance scores
over normalized frequency coordinates. A top-k selection is
applied to retain key components, which are then modulated
by learned complex weights. The final output is transformed
back through an inverse Fourier transform:

F ′
i = F−1(z′(ξ)), (2)

where F−1 denotes the inverse Fourier transforms. On the
other hand, a lightweight CNN is employed to capture fine-
grained texture information from the spatial domain, which
is then combined with frequency-domain features and fed
into the Gaussian Parameter Prediction Heads.
Gaussian Parameter Prediction Heads. We design heads
based on the DPT decoder (Ranftl, Bochkovskiy, and Koltun
2021) to predict Gaussian parameters. Given that the fea-
tures derived from the ViT encoder and decoder already con-
tain strong geometric priors, we directly utilize these global
features through a depth head to obtain depth values, which
serve as the center of each Gaussian µj . This can largely
ensure the spatial consistency of Gaussians.

We utilize a second head to predict the remaining Gaus-
sian parameters. To preserve as much valid information con-
tained in high-resolution images as possible, we have de-
signed two strategies: First, in addition to the global fea-
tures obtained from the ViT Transformer and the images
themselves, we fuse the features derived from the Weighted
Fourier Neural Operator, thereby further enhancing the rep-
resentational capability of Gaussians. Second, we assign ad-
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Figure 3: Structure of the diffusion model in NVS.

ditional features to each Gaussian to contain detailed infor-
mation, which in turn assists our enhancement module.
Rendering novel view images with feature. We de-
sign feature-augmented 3D Gaussians, where each Gaus-
sian is equipped with additional features to preserve high-
frequency details. With this design, once the ViT back-
bone reconstructs the scene and generates the 3D Gaussians,
novel-view rendering produces not only RGB color values
but also the corresponding high-dimensional Gaussian fea-
tures. These features can subsequently be used to support
3D-consistent image enhancement in downstream modules.

3.3 Boosting NVS with Diffusion module
While existing feed-forward methods benefit from the strong
representation capability of ViT models to recover accurate
geometric structures, the subsequent novel view rendering
process still inevitably encounters 3D artifacts and blurred
details. This problem largely arises from limited supervision
provided by the input views, ultimately reducing the quality
and perceptual fidelity of the generated novel views. There-
fore, a super-resolution algorithm is needed to improve the
fidelity and realism of the rendered images. To overcome
this limitation, we utilize a one-step Stable Diffusion (SD)
architecture to enhance the synthesized novel views, yield-
ing higher-quality target images. Building on this founda-
tion, we further optimize the SD module by incorporating
Gaussian features as auxiliary inputs within UNet structure
and integrating reference images into UNet’s self-attention
module to facilitate inter-image information exchange.
Stable Diffusion. Diffusion Models (DMs) learn data dis-
tributions through iterative denoising, and this process be-
comes significantly more efficient when performed in the la-
tent space using a pre-trained autoencoder (Wu et al. 2025b).
We employ the pre-trained latent diffusion model to miti-
gate 3D artifacts in novel view synthesis, typically caused by
sparse supervision or geometric inconsistencies. Using the
VAE encoder Eϕ, latent diffusion network ϵϕ, and the VAE
decoder Dϕ—where ϕ denotes the model parameters—the
images can be denoised to achieve higher quality. Build-
ing on this, we further incorporate geometric alignment with
3D Gaussian features, enabling the SD module to generate a
high-fidelity and 3D-consistent denoised target view Id via
latent-space diffusion decoding.
Gaussian Feature Integration in UNet. After encoding the
low-quality rendering image Ir through the VAE encoder
Eϕ to obtain the latent feature Fr ∈ RC×H

8 ×W
8 , we render

Gaussian feature Fg ∈ RC′×H
8 ×W

8 along the correspond-
ing dimension (H8 ,

W
8 ) and concatenate it with Fr along the

channel dimension.

F = CAT (Fr, Fg), (3)

The fused features are then fed into the UNet module for
cross-modal interaction. Notably, we extend the input chan-
nels of the UNet’s initial convolution to accommodate the
additional features, initializing the extra dimensions to zero
to facilitate stable convergence.
Reference Image Interaction via Self-Attention. We uti-
lize reference images as guidance to assist the diffusion
model in generating high-quality images (Wu et al. 2025a;
Agarwal et al. 2025). Specifically, we first concatenate the
reference images with the Gaussian-rendered target image
and feed the combined result into the VAE encoder to ob-
tain latent features. We then simultaneously extract Gaus-
sian features under both the reference and target views, and
integrate them to produce fused features z ∈ RV×C×H×W .
Within the latent diffusion model, we modify the self-
attention layers to transform the image interactions within
the low-quality image z ∈ RV×C×(H×W ) into a mixed at-
tention mechanism between the low-quality image and the
reference image z ∈ RC×(V×H×W ). In this way, we can
further capture fine-grained details from reference image.
Two-Stage Pipeline. In the first stage, we employ LoRA to
fine-tune the latent diffusion network ϵϕ of the Stable Dif-
fusion (SD) module, encouraging it to restore images de-
graded by 3D rendering artifacts. To train the model effec-
tively, we construct a paired dataset using DL3DV, com-
prising low-quality rendered images and their correspond-
ing high-quality ground-truth (GT) images. Specifically, fol-
lowing the sampling strategy of (Ye et al. 2024), we encode
sparse input views into 3D Gaussian scene representations
using a geometry Transformer backbone and scene recon-
struction module, and render novel views based on sam-
pled camera extrinsics. These rendered images and their GT
counterparts form the supervision pairs for training.

In the second stage, directly optimizing rendered images
with the Stable Diffusion (SD) architecture can mitigate arti-
facts to some extent, yet it struggles to preserve fine-grained
textures in high-resolution outputs and maintain geometric
consistency. Gaussian features, however, contain both rich
textural details and geometric cues. To address this limita-
tion, we design a pipeline that jointly performs scene re-
construction and integrates a feature-guided SD module to
achieve higher-fidelity image synthesis.

3.4 Training
The architecture comprises a front-end encoder, a decoder,
and a back-end diffusion-based enhancement module. The
network is fully trainable in an end-to-end manner. Given
the pose, the 3D Gaussian constructed by the front-end is
capable of rendering images Ir and their corresponding fea-
tures. These images and features are fed into the enhance-
ment module, which then leverages the priors of diffusion to
enhance image quality, resulting in the final images Id.
Training Loss. For reconstruction, we use the standard MSE
loss together with the perceptual LPIPS loss between the
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Figure 4: Qualitative comparison on DL3DV and RE10K datasets, all evaluated at a uniform resolution of 512× 512. Com-
pared with other methods, our approach is capable of recovering finer texture details.

rendered image Ir and the ground-truth image Î:

Lr = λ1 ·MSE(Ir, Î) + λ2 · LPIPS(Ir, Î), (4)

For the enhancement module, we first directly introduce
the MSE loss and LPIPS loss between the denoising image
Id and the target image Î:

Ld = λ3 ·MSE(Id, Î) + λ4 · LPIPS(Id, Î), (5)

To enhance perceptual quality, we incorporate a DINOv2
pre-trained network as a feature extractor to guide the train-
ing of the GAN (Kumari et al. 2022). This encourages the
generator to produce outputs that are not only visually re-
alistic but also semantically consistent with the input. The
GAN loss is formulated as:

Lg = λ5E[logD(Î)] + λ5E[log(1−D(G(I)))], (6)

where G and D are the generator and discriminator using
DINOv2 backbone for training, respectively. The total loss
can be expressed as:

Ltotal = λr · Lr + λd · Ld + λg · Lg, (7)

Training pipeline. We first train the ViT-based 3D recon-
struction module independently to obtain a stable 3D repre-
sentation. Specifically, images resized to 256×256 are input
to the ViT backbone to extract global semantic features. Si-
multaneously, the Dual-Domain Detail Perception Module

processes higher-resolution images at 512×512 to capture
fine-grained details. Both feature streams are subsequently
fused in the prediction heads to reconstruct the 3D Gaussian
representation. Following the rendering of images and fea-
tures, the SD module is first trained independently. Subse-
quently, we perform joint training of the SD module guided
by the Gaussian features, as detailed in Sec. 3.3.

4 Experiments
4.1 Training Details
Dataset. We trained our model on the 2K subset of the
DL3DV dataset and evaluated it on the benchmark sub-
set (Ling et al. 2024). DL3DV is a large-scale 3D scene
dataset widely used for NVS, featuring a variety of re-
flection, transparency, and lighting conditions. To further
assess generalization, we evaluated our approach on the
RealEstate10k (RE10K) dataset (Zhou et al. 2018), which
comprises large-scale indoor real estate videos with multi-
view images and accurate camera poses. This setup enables
testing the robustness of our method in NVS under complex
real-world lighting, textures, and geometric variations.
Evaluation Metrics. The quality of novel view synthesis is
first measured using three standard metrics: PSNR, SSIM,
and LPIPS. In addition, we have incorporated parameter-free
metrics, including DISTS, FID, NIQE, MUSIQ, M-IQA,
and C-IQA. Detailed analyses are provided in Sec. 4.2.
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Dataset Methods Full-Reference No-Reference Perceptual Quality
PSNR↑ SSIM↑ LPIPS↓ NIQE↓ MUSIQ↑ M-IQA↑ C-IQA↑ FID↓

DL3DV

NopoSplat 15.53 0.47 0.57 4.94 59.77 0.51 0.29 118.42
AnySplat 18.27 0.55 0.27 3.53 64.37 0.68 0.36 64.91
FLARE 15.90 0.48 0.55 4.41 59.73 0.54 0.31 122.24
Ours 22.67 0.69 0.16 3.87 72.86 0.72 0.49 40.46

RE10K

NopoSplat 15.81 0.60 0.54 5.85 53.97 0.49 0.31 79.81
AnySplat 19.07 0.67 0.23 4.31 60.96 0.65 0.29 42.20
FLARE 16.87 0.62 0.46 5.39 52.83 0.52 0.28 67.87
Ours 20.67 0.70 0.21 4.71 69.05 0.68 0.39 33.52

Table 1: Novel view synthesis performance on DL3DV and RE10K datasets, all evaluated at a uniform resolution of 512× 512.

Methods LPIPS↓ MS↑ SC↑ BC↑
MVSplat360 0.35 0.95 0.90 0.92
LatentSplat 0.27 0.95 0.90 0.91
Ours 0.19 0.95 0.92 0.93

Table 2: Quantitative evaluation of the 3D consistency per-
formance of generated videos on the DL3DV dataset.

Methods PSNR↑ SSIM↑ LPIPS↓ FID↓
MARINER 19.99 0.64 0.20 63.04
Difix3d+ 21.67 0.67 0.18 50.30
Ours 22.67 0.69 0.16 40.46

Table 3: Quantitative comparison with enhancement meth-
ods (MARINER and the SD model used in Difix3D+).

4.2 Results
Novel View Synthesis. We selected state-of-the-art (SOTA)
feed-forward methods to compare the performance of novel
view synthesis (NVS) results with our method on the test
set of DL3DV, where the resolution of the final output is
512×512. As shown in Table. 1, our method attains the su-
perior performance among all compared approaches.
3D Consistent. To assess multi-view 3D consistency, con-
secutive frames are sampled as target views to gener-
ate videos. We compare our approach with NVS meth-
ods that also perform refinement on rendered images, in-
cluding MVSplat360 and LatentSplat. The Motion Smooth-
ness (MS), Subject Consistency (SC), and Background Con-
sistency (BC) metrics from VBench (Huang et al. 2024b;
Zheng et al. 2025; Huang et al. 2024c) are employed to
jointly evaluate 3D consistency. As shown in Table 2, our
method demonstrates substantially improved geometric con-
sistency under sparse viewpoints.
Enhancement Module. We compare our feature-guided SD
enhancement module with existing enhancement methods
by substituting it with MARINER (Bösiger et al. 2024) and
the SD model from Difix3D+ (Wu et al. 2025a). Table 3
shows that our approach surpasses these methods, effec-
tively utilizing 2D reference cues while maintaining 3D con-
sistency via Gaussian features.

Methods PSNR↑ SSIM↑ LPIPS↓ FID↓
NopoSplat 15.16 0.59 0.77 246.80
AnySplat 15.36 0.45 0.54 108.74
FLARE 15.83 0.59 0.73 230.59
Ours 21.64 0.69 0.28 41.74

Table 4: NVS performance comparison on the DL3DV
dataset at an extended resolution of 1024× 1024.

Cross-Dataset Generalization. We assess the generaliza-
tion performance of our network on the RE10K dataset with-
out fine-tuning. As shown in Table 1, the results indicate that
our method exhibits strong generalization.
Resolution Expansion. We expand the output image into a
higher-dimensional space without requiring additional train-
ing. Specifically, we first render low-resolution images and
upsample them to high resolution (1024 × 1024), followed
by generating high-quality outputs using Tile-VAE.

4.3 Ablation Studies
We perform ablation studies on a baseline trained with the
DL3DV dataset to assess the impact of the proposed module.
Ablation on DD-DPM. To evaluate the effectiveness of the
Detail-Preserving Module (DPM), we construct two abla-
tion variants: (1) CNN-DPM, which relies solely on CNN to
process high-resolution images and fuses its output with the
low-resolution features from the ViT backbone; and (2) DD-
DPM, which additionally introduces a frequency-domain
processing branch to enable dual-domain detail perception.
Table 5 indicates the clear advantage of DD-DPM, empha-
sizing the importance of frequency-domain features in main-
taining fine details.
Ablation on Gaussian Feature. To verify the effectiveness
of introducing features into Gaussian parameters, we di-
rectly connected a simple two-layer CNN structure at the
backend, which is used to process the rendered features and
images. This lightweight architecture serves as a baseline to
assess whether the inclusion of Gaussian feature can bring
tangible improvements. By comparing its performance with
our full model, we can explicitly quantify the gains from
embedding features into Gaussian representations during the
rendering and post-processing pipeline.
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Figure 5: Qualitative ablation results validating the effectiveness of each component. Incorporating Dual-Domain Detail Per-
ception Module (DD-DPM) and the feature-guided SD refine module yields substantially higher-quality novel view synthesis.

Methods Full-Reference No-Reference Perceptual Quality
PSNR↑ SSIM↑ LPIPS↓ NIQE↓ MUSIQ↑ M-IQA↑ C-IQA↑ FID↓

Base 20.08 0.65 0.24 4.11 65.98 0.55 0.29 62.19
+CNN-DPM 22.10 0.69 0.23 4.24 64.95 0.59 0.30 62.60
+DD-DPM 22.14 0.69 0.22 4.15 63.47 0.60 0.30 55.32
+GS Feature(CNN) 22.22 0.69 0.27 4.93 56.15 0.55 0.30 70.51
+SD 22.17 0.68 0.17 3.92 70.97 0.69 0.44 48.58
+Feature guided SD 22.67 0.69 0.16 3.87 72.86 0.72 0.49 40.46

Table 5: Ablation study validating the effectiveness of each network component on the DL3DV dataset.

Ablation on SD Model. We constructed a dataset to train
the SD network independently and connected it to the back-
end of the reconstruction module to as an enhancement pro-
cess for rendered images. This standalone training strategy
allows the SD network to specialize in refining details and
enhancing visual quality for novel view synthesis, while its
integration with the reconstruction module ensures that the
enhanced results remain consistent with the geometric struc-
ture predicted by the front-end, thereby achieving both accu-
rate novel view synthesis and high-fidelity image quality.
Ablation on Feature-guided SD Refinement Module. We
introduce a feature-guided SD network and perform joint
training of both the ViT-based reconstruction module and the
SD network. As illustrated in Table 5, incorporating the de-
tailed features rendered by 3D Gaussians into the SD mod-
ule enables efficient image refinement. This joint optimiza-
tion strategy ensures that the SD network learns to lever-
age geometrically consistent detail cues from the render-
ing process, guiding its refinement efforts toward preserv-
ing structural integrity while enhancing visual fidelity, ulti-
mately leading to more coherent and high-quality novel view
synthesis compared to standalone enhancement approaches.
Analysis. We observe that although incorporating the SD
module results in a slight decrease in simple metrics such
as PSNR and SSIM, the perceptual quality of the outputs is
significantly improved, producing clear and high-quality im-
ages. In contrast, omitting the SD module yields noticeably
blurrier results. To quantitatively validate this improvement,
we evaluate model-based and no-reference metrics includ-

ing LPIPS, NIQE, MUSIQ, M-IQA, C-IQA, and FID, and
find that the model with the SD module consistently out-
performs the version without it across all metrics. Indeed,
PSNR can no longer fully capture the true perceptual qual-
ity of images. LPIPS (Zhang et al. 2018) also points out that
PSNR and SSIM often do not perfectly align with human
perception. Consequently, when differences in simple met-
rics (e.g., PSNR) are marginal, model-based or no-reference
metrics play a more important role in evaluation.

5 Conclution
Summary. We propose a novel view synthesis method that
integrates a feed-forward pipeline with a single-step Stable
Diffusion (SD) model. This combination leverages the geo-
metric efficiency of feed-forward methods and the genera-
tive strength of SD for detail refinement, producing results
with accurate structure and realistic textures. To enhance
consistency between geometry and appearance, we intro-
duce a unified training framework that jointly optimizes ge-
ometric representation learning and image generation using
features rendered from 3D Gaussians. This tight integration
ensures more effective use of geometric features in guiding
high-quality image synthesis. Our framework also paves the
way for future work on simplifying parts of the SD architec-
ture, aiming for tighter feature coupling and more efficient
view synthesis. Limitation. The proposed method does not
explicitly model dynamic objects, which limits its applica-
bility in real-world scenarios involving dynamic scenes.
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