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Abstract

Reconstructing complete 3D scenes from extremely
sparse viewpoints (e.g., 2—3 wide-baseline images) remains
a core yet unsolved challenge. Existing 3D Gaussian
Splatting (3DGS) and neural rendering methods degrade
severely when view overlap is limited, often producing in-
complete or geometrically distorted results. We introduce
SplatFusion, a reconstruction framework that requires no
training or fine-tuning of diffusion models, instead rely-
ing solely on pretrained video diffusion priors to synthe-
size missing scene content plausibly. Our core idea is a
Scene-Consistent Temporal Guidance (SCTG) mechanism
that tightly couples 3D structure with generative diffusion
models. Specifically, SCTG conditions video diffusion on
sequences rendered from the evolving 3DGS representa-
tion, enforcing both spatial alignment with geometry and
temporal coherence across synthesized frames. These re-
fined views are back-projected to densify and correct the
3D scene iteratively. Extensive experiments on diverse real-
world datasets demonstrate that SplatFusion consistently
outperforms existing sparse-view reconstruction methods.
Evaluations using VLM-based perceptual scores and the
MEt3R metric for geometric consistency show clear gains
in visual fidelity and temporal coherence, even in scenarios
where previous approaches fail. Our training-free frame-
work opens new possibilities for practical 3D reconstruc-
tion applications where dense view acquisition is impracti-
cal.

1. Introduction

Recent breakthroughs in neural 3D scene representation,
particularly through Neural Radiance Fields (NeRF) [3-5,
14,27, 28, 41, 43] and 3D Gaussian Splatting (3DGS) [13,
16, 21-24, 49], have revolutionized novel view synthesis
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and 3D reconstruction. Although these methods excel un-
der dense-view conditions, the fundamental challenge of re-
constructing accurate 3D scenes from sparse viewpoints re-
mains largely unsolved, which is a critical requirement for
practical applications. Sparse-view reconstruction becomes
especially difficult under extreme sparsity when using only
2-3 input images with wide baselines (30°-60°) and mini-
mal overlap. In this setting, structure-from-motion fails to
recover correspondences, neural rendering methods exhibit
severe view-dependent artifacts, and geometric priors alone
cannot resolve the highly ill-posed reconstruction task.

Current state-of-the-art approaches, including pose-free
methods such as InstantSplat [7], CoR-GS [48], and
optimization-based techniques such as FSGS [49] and
DNGaussian [16], demonstrate promising results under
moderate sparsity but fail catastrophically when confronted
with extreme baseline separations and minimal overlap, pre-
cisely the conditions most relevant for practical deploy-
ment. The core challenge lies in the fundamental shape-
radiance ambiguity, where insufficient constraints lead to
reconstructions with significant geometric inaccuracies in
the unobserved regions. Without sufficient view coverage,
reconstruction methods struggle to separate the true sur-
face geometry from appearance or lighting changes, often
producing results that appear plausible from training view-
points but contain large geometric errors in unseen regions.
In wide-baseline settings, the absence of reliable correspon-
dences further limits geometric constraints, forcing meth-
ods to rely heavily on learned priors that may fail to gener-
alize across diverse scenes.

To address these fundamental limitations, we propose
SplatFusion, a method that uses pretrained diffusion models
without any training or fine-tuning, and that to our knowl-
edge is the first to complete 3D scenes from only 2-3 wide-
baseline input images under extremely sparse-view condi-
tions. Note that we define “training-free” as avoiding the
expensive fine-tuning of the diffusion backbone or train-



ing a feed-forward generalizable model. However, consis-
tent with the nature of 3D Gaussian Splatting, our method
still involves per-scene optimization of the Gaussian prim-
itives. Unlike existing methods that rely on dense super-
vision or scene-specific training, our approach leverages
rich generative priors embedded in pretrained video diffu-
sion models to hallucinate plausible scene content in unob-
served regions while maintaining strict geometric and tem-
poral consistency. Central to our contribution is the Scene-
Consistent Temporal Guidance (SCTG) mechanism, which
bridges the gap between 2D generative modeling and 3D
geometric reasoning by conditioning the diffusion process
on rendered sequences from an evolving 3DGS representa-
tion. Our framework operates through an iterative refine-
ment process that alternates between diffusion-based view
synthesis and 3D geometry updating. Starting from a coarse
3DGS initialization obtained using geometric priors from
recent correspondence models [37], we generate temporally
coherent novel views through guided diffusion, ensuring
that each frame maintains spatial alignment with the current
3D scene structure while benefiting from the hallucination
capabilities of pretrained generative models. These refined
views are then back-projected into a 3D representation, en-
abling progressive geometry densification and quality im-
provement without requiring scene-specific training.

The key insight driving our approach is that, while in-
dividual 2D diffusion models may lack explicit 3D aware-
ness, their temporal variants can be effectively guided to
maintain geometric consistency across time through care-
fully designed conditioning mechanisms. By treating the
sparse-view reconstruction problem as a temporally coher-
ent view synthesis task, we leveraged the powerful genera-
tive capabilities of video diffusion models while constrain-
ing their outputs to remain geometrically plausible through
our novel guidance strategy. Our contributions are summa-
rized as follows:

» This paper presents the first training-free method for ex-
treme sparse-view 3D scene reconstruction, handling as
few as 2-3 wide-baseline images with minimal overlap.

* We introduce a novel SCTG mechanism that enforces
spatial and temporal consistency by conditioning a dif-
fusion model on rendered sequences from an optimized
3DGS representation.

* We propose a novel 3D-aware guidance loss that uses a
visibility mask to fuse 2D generative priors with an evolv-
ing 3DGS representation, enabling robust structural den-
sification in sparse-view settings.

* Our method demonstrates significant improvements over
baselines on challenging benchmarks (Tanks and Tem-
ples, MipNeRF360, DL3DV-10k), achieving higher per-
ceptual quality and geometric accuracy, particularly un-
der extreme sparsity where prior approaches fail.

2. Related Work

Our work intersects three main areas of research: sparse-
view 3D reconstruction with 3DGS, diffusion-based view
synthesis, and training-free guidance mechanisms for gen-
erative models.

2.1. Sparse-view 3D Reconstruction and 3DGS

Neural rendering methods such as NeRF [27] and 3D Gaus-
sian Splatting (3DGS) [13] offer efficient view synthesis
but degrade under sparse-view conditions. To address this,
pose-free methods such as InstantSplat [7], CoR-GS [48],
and FSGS [49] have been proposed. However, these meth-
ods still yield incomplete geometry and appearance incon-
sistencies under extreme sparsity. DNGaussian [16] adds
depth normalization but cannot hallucinate unseen con-
tent. Our approach leverages pretrained video diffusion pri-
ors with scene-consistent temporal supervision to complete
missing regions and improve fidelity without dense super-
vision or scene-specific training.

2.2. Diffusion-based View Synthesis

Diffusion priors are increasingly used for 3D reconstruc-
tion [29], yet methods like ReconFusion [39], CAT3D [10],
and ReconX [18] typically rely on scene-specific fine-
tuning, limiting zero-shot use. Likewise, post-processing
pipelines [22, 38] and object-centric methods [40] often re-
quire optimization or denser inputs. In contrast, our method
is fully training-free and tailored for sparse, wide-baseline,
unbounded scenes. Its key component, Scene-Consistent
Temporal Guidance (SCTG), integrates 2D generative pri-
ors with optimized 3DGS geometry to enforce spatial and
temporal coherence, enabling iterative geometry densifica-
tion and improved robustness to missing data.

2.3. Training-free Guidance for Diffusion Models

Diffusion models can be guided without retraining using ex-
ternal signals [2, 33, 42, 45] to improve spatial and tem-
poral coherence. Building on this, we introduce Scene-
Consistent Temporal Guidance (SCTG), which extends this
paradigm to sparse-view 3D reconstruction by combining
pretrained video diffusion priors with explicit 3DGS render-
ings for scene-consistent supervision. Training-free meth-
ods, including optimization-based approaches like Univer-
sal Guidance [2], Loss-Guided Diffusion [33], and Free-
DoM [45], and structured methods like Semantic Diffu-
sion Guidance [19] and Structured Diffusion [8], offer a
general way to guide models toward new goals without re-
training. These methods operate as gradient-based plug-in
controllers, where pretrained discriminative models provide
guidance signals [31]. SCTG uses 3DGS renderings to de-
fine spatiotemporal losses at inference, providing a robust,
training-free signal for geometry correction under extreme
sparsity.
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Figure 1. Overview of our SplatFusion method. We begin with a coarse 3DGS representation initialized using geometric priors from
DUST3R/MASt3R [37] and camera poses from 2-3 unposed inputs. To address artifacts and inconsistencies from sparse data, our Scene-
Consistent Temporal Guidance (SCTG) module guides a pretrained video diffusion model to generate spatially and temporally consistent
novel views (see Algorithm 2). These refined views are then back-projected into the 3DGS scene, enabling iterative geometry densification
and correction. The complete algorithmic workflow is presented in Algorithm 1.

3. Method

Problem Statement. Given N € {2,3} input images
T = {I,}, of a static scene with unknown camera param-
eters © = {(R;,t;, K;)},, the goal of SplatFusion is to
reconstruct a complete 3DGS representation G = {g,, }M_,
and refined camera parameters © for photorealistic novel
view synthesis with spatial and temporal consistency. We
began by leveraging geometric priors and pose propagation
techniques [37] to estimate the initial camera poses. These
poses are then used for coarse 3DGS initialization, follow-

ing a geometric-prior-based approach for sparse inputs [7].

3.1. Method Overview

The overall SplatFusion pipeline is illustrated in Fig. 1
and Algorithm 1. SplatFusion is a training-free frame-
work for sparse-view 3D reconstruction that leverages
pretrained video diffusion priors to refine and complete
3DGS representations. Beginning with a coarse 3DGS
scene initialized from sparse, unposed input images, our
method addresses the resulting gaps and artifacts with a
novel Scene-Consistent Temporal Guidance (SCTG) mech-
anism(see Fig. 2). The SCTG uses a pretrained video
diffusion model to refine the rendered views in a spatially
and temporally consistent manner. These refined frames
are then back-projected into the 3DGS representation, im-
proving the geometry and scene coverage in an iterative
loop. This training-free approach, which requires no scene-
specific fine-tuning of the diffusion model, tightly integrates
diffusion-based refinement with 3D consistency, allowing
the scene to evolve coherently, even under severe input spar-
Sity.

3.2. Diffusion for Image and Video Generation

Diffusion models [11, 12] have emerged as powerful gen-
erative frameworks for images and videos by progressively
corrupting data with Gaussian noise and learning to reverse
this process through iterative denoising. The widely used
Denoising Diffusion Probabilistic Model trains a U-Net de-
noiser €y to predict the noise at each timestep ¢. In the
forward diffusion process, a clean sample z( is gradually
transformed into a noisy version x; as

mt:\/o_Ttx0+ Vl*O_[tG, GNN(07I)7 (1)

where @; is the cumulative product of the noise schedule.
The model is optimized by minimizing the simplified vari-
ational loss:

Lsimple =Etu0,e “|€ - 66’(-'1716, t)||2] . 2

At inference, denoising begins from pure Gaussian noise
xr ~ N(0,I) and proceeds iteratively using an approxi-
mation of the reverse process as follows:

Ty = (1 + ﬂ;) T+ BiVa, og p(xe)++/Brz, 2z ~N(0,1),

3)
where V,, log p(z:) represents the score function, that is,
the gradient of the log-density of the noisy sample z;, which
is not explicitly known but is approximated by the neural
network model trained to predict the noise component at
each diffusion timestep [34]. This approximation guides
the reverse denoising process by indicating how to adjust
x; towards regions of higher data likelihood. Inspired by
training-free guidance strategies [2, 33], external losses can
be incorporated during reverse denoising to steer the gener-
ation toward the desired conditions. Our method leverages
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Figure 2. Overview of the proposed Scene-Consistent Temporal
Guidance (SCTG) strategy. At each diffusion step ¢, the current
image sample z; is aligned with the scene geometry by compar-
ing it with a reference view R;. Here, R; represents the view
rendered from the current state of the optimized Gaussian scene
G at the target pose P,. The total guidance loss is defined as
Liotat = Lspatial + Aoce Loce, Where Lopaiial is a perceptual loss based
on VGG features, and Lo is an L2 loss weighted by visibility
masks. This loss yields a gradient g, which is used in the update
rule x:+—1 = x+ — V¢ - g+ (Eq. (6)) to denoise the image in the next
step. Once the final output x¢ is generated, high-confidence pixels
are back-projected into the 3D scene via G’ = Splat(I,, P,) (Eq.
).

a camera-conditioned image-to-video diffusion model [46],
which operates in a latent space RL*"*wxd where L is
the video length, to generate temporally coherent and view-
consistent sequences. This design is critical for the effective
refinement of sparse-view 3D reconstructions by ensuring
spatial and temporal coherence across the generated frames.

3.3. Scene-Consistent Temporal Guidance (SCTG)

Traditional 3DGS rendering under sparse views often pro-
duces structurally inconsistent outputs in unobserved re-
gions. Although pretrained video diffusion models can hal-
lucinate plausible content, they lack explicit scene aware-
ness and geometric grounding. To address this, we intro-
duced the SCTG mechanism, which injects a scene-specific
structure into the generative process by guiding denois-
ing using losses computed against 3D ground-truth scene
(3DGS) renderings. This design allows the diffusion model
to refine novel views in a way that aligns with the evolving
3D geometry while preserving a high perceptual quality. To
enforce spatial alignment with the scene structure and main-
tain temporal consistency across generated frames, SCTG
operates in the temporally conditioned latent space of a pre-
trained video diffusion model (see Fig. 2). At each time
step, it leverages rendered reference frames from the current
3DGS model to compute external loss gradients that guide
the denoising process toward structure-aware outputs.

Here, z; denotes the current noisy latent representation
at time ¢, and R; is the corresponding rendered reference
frame from the 3DGS model. The SCTG introduces a spa-

tial consistency loss defined as:

Lspatial = Hffeat(wt) - ffeat(Rt)H%a 4)

where frea(-) extracts perceptual features using the pre-
trained VGG network [32]. We use VGG-based percep-
tual features in our spatial consistency loss, as they capture
higher-level structural and textural cues compared to simple
pixel-wise Lo differences. This loss encourages the struc-
tural alignment of the generated frame with the perceived
structure of the 3DGS rendering represented by R;, which
is more robust for 3D alignment than low-level pixel losses.
Because some regions in R; may be occluded or contain
artifacts, we incorporate an occlusion-aware mask My, ob-
tained via visibility estimation in 3DGS rendering. This
mask restricts consistency enforcement to valid regions, and
the occlusion loss is formulated as:

Loce = > Mi(i, ) - we(i, §) = Re(i, I3, (5)

2%

where M. (i,j) € {0,1} indicates the visibility of pixel
(4,7), and (4, j) and Ry(i, ) are the pixel values in the
generated and reference frames, respectively.

These losses are integrated into the diffusion denoising step
via gradient guidance as follows:

Tt—1 = Tt — ’thxt (Lspatial + /\Locc) 5 (6)

where ~y; controls the guidance strength at timestep ¢, and A
balances the spatial and occlusion losses.

Our method builds upon the insight that in diffusion mod-
els, the score function V,, log p(z;) is not explicitly known
but can be approximated using external guidance signals, as
demonstrated in Universal Guidance [2] and Loss-Guided
Diffusion [33]. By treating spatial and occlusion losses
as pseudo-energy functions, their gradients —V, (Espaﬁal +
ML) act as surrogate score corrections. This biases the
generative process toward scene-consistent and temporally
aligned outputs while preserving the core diffusion model’s
generative capacity.

3.4. Camera Trajectory Generation

To generate temporally coherent intermediate views from
sparse input poses, we constructed a smooth camera trajec-
tory (see Fig. 3) by interpolating high-level geometric de-
scriptors with a multidimensional B-spline inspired by the
prior work in view synthesis and neural rendering [25, 27].
The camera path is generated by smoothly interpolating
pose-derived elements, including the camera position, look-
at direction, and up vector, to ensure coherent motion and
orientation across views. We begin by decomposing each
camera-to-world matrix P; € R3*% into a triplet of 3D
points: the camera position ¢; = PB;[:, 3], a look-at point
l; = ¢; — § - d;, and an up-reference point u; = ¢; + 0 - v;.



Algorithm 1: SplatFusion (Full Pipeline)

Input: Sparse input images {I,}9_,
Output: Optimized Gaussian scene G*
Geometric prior & pose estimation:;
{P,} < DUST3R/MAST3R ({L,});
G <+ INSTANTSPLATINIT ({1, P,});

for £ < 1to K do
Camera-path sampling:;
{P,}¥_, < TRAJECTORY ({P,});
View refinement via SCTG:;
foreach P, do

I, + SCTG(G, P,, T);

// Algorithm 2 call
Back-projection & 3DGS update:;
G+
SPLATOPTIMIZE({(IO, P} U{(L,, Pv)});

return G+~ G

Algorithm 2: SCTG

Input: Optimised scene G, target pose P,,

timesteps 7'
Result: Refined frame I,
xr ~ N(0,1);
fort =T to1do
R; < RENDER(G, P,);
M, < VISIBILITYMASK(G, P,);
Lsp = )\percllffeat(xt) - ffeat(Rt)H%;
Loce = ”Mt O] (xt - Rt)”%’
gt = Va?t(Lsp + )\OCCLOCC);

Ti—1 = T — NGt

jv — Zo;
return fv

// Initial noise

// Guided step

Here, d; and v; represent the forward and upward directions
derived from the rotation component of P;, and  is a scene-
dependent scale factor that controls the interpolation span.
These triplets {(c;, l;, u;)} are interpolated using a B-spline
of degree k, yielding a set of smooth control points that de-
fine the dense virtual trajectory. For each interpolated step,
we reconstructed the camera pose }5]- using a look-at frame
formulation:

Pj = [R(dj,v;) | ¢], where R=[z,y,2], (7)
with z = normalize(d;), * = normalize(v; X z), and
y = z X z. This yields a dense sequence of virtual camera
poses that are both spatially smooth and temporally coher-
ent, serving as an effective scaffold for video diffusion and
3D Gaussian Splatting refinement.

Camera Path
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Figure 3. Illustration of our camera trajectory generation. Red
markers indicate sparse input camera poses, while the blue curve
shows the smooth trajectory of interpolated virtual cameras (green
markers).

3.5. Back-Projection into 3D Gaussian Splatting

After refinement with the video diffusion model, the en-
hanced 2D frames are re-integrated into the 3D scene repre-
sentation through back-projection. For each refined frame
I v, generated at a known or interpolated camera pose P, we
treat the pair (I,,, P,) as a pseudo-observation of the scene.
These pseudo-observations are combined with the original
input images (I,, P,) in a unified optimization step, yield-
ing an updated set of Gaussian primitives, G’. Formally, we
express this update as:

G’ = Splat ({(iva Pv)}v

V=

RN ®

Here, Splat(-) refers to the differentiable optimization pro-
cess that updates the Gaussian primitives {u;, 3;, a;, ¢; }
by minimizing the multi-view photometric loss function
combined with spatial and perceptual regularization terms.
Specifically, we solve the following objective:

. 2
Hlén (IZI; ) HR(G, PU) - Iv” + /\regLreg(G)a (9)

where R(G, P,) denotes the differentiable 3DGS renderer
at pose P,, and L, includes smoothness and sparsity priors
on Gaussian parameters. The optimization is performed via
gradient descent using the backpropagation capability of the
differentiable renderer. This process effectively integrates
the refined pseudo-observations into a 3D representation,
enabling geometric densification and correction of missing
regions.

4. Experiments

All experiments were conducted using PyTorch on a single
NVIDIA RTX 4090 GPU. For a full list of hyperparameters
and settings, please refer to the supplementary material.



InstantSplat

SDInpainting Ours

Figure 4. Qualitative comparison of novel view synthesis results on the Tanks and Temples [15], MipNeRF360 [4], and MVImgNet [47]
datasets. We compare our method against InstantSplat [7], Stable Diffusion Inpainting [30], and Few-Shot Gaussian Splatting (FSGS [49]).
Under sparse-view conditions, prior methods often produce artifacts, incomplete regions, or structurally inconsistent renderings.
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Figure 5. Qualitative comparison of novel view synthesis under
narrow- and wide-baseline conditions. Our method preserves ge-
ometry, fine details, and coherence, while baselines such as CF-
3DGS [6], DNGaussian [16] show distortions and missing re-
gions, especially in wide-baseline cases on scenes from DL3DV-
10k [17], Tanks and Temples [15], and LLFF datasets [26].

4.1. Datasets

We evaluated our method on diverse and challenging bench-
marks that reflect the complexity of real-world 3D re-
construction. Following recent pose-free approaches [6,
9], we focused on datasets that stress sparse-view in-

puts and varied scene conditions. Specifically, we use
Tanks and Temples [15] with only 2-3 wide-baseline views,
MVImgNet [47] for diverse outdoor scenes, DL3D [17] for
occlusion-heavy indoor and outdoor settings, and MipN-
eRF360 [4] for large-scale 360° scenes with complex ge-
ometry and lighting. Together, these datasets form a com-
prehensive testbed for assessing robustness under extreme
sparsity, occlusion, and scene complexity.

4.2. Evaluation Metrics

We use standard metrics (PSNR, SSIM, LPIPS) where
ground truth is available, but these are unreliable under
sparse-view conditions. For novel views without ground
truth, we adopt a VLM-based evaluation inspired by recent
work [35, 36, 44], using LLaVA [20] to assess perceptual
quality and structural accuracy. This human-aligned proto-
col offers a more robust measure of visual fidelity in chal-
lenging settings.

4.3. Baseline Methods

We compared our method with recent state-of-the-art ap-
proaches in pose-free, sparse-view 3D reconstruction, in-
cluding InstantSplat [7], which initializes 3DGS without
known poses; FSGS [49], tailored for few-shot reconstruc-
tion; and CF-3DGS [6], which avoids traditional SfM-based
pose estimation. We further evaluate against ReconX [18],
a video diffusion model fine-tuned for sparse views, and



Input Baseline 3DGS w/o SCTG Full Method

Figure 6. Qualitative ablation study on DL3DV-10k [17] showing the impact of SCTG. Sparse inputs (left) are compared against Baseline
3DGS and our method without SCTG (please zoom in to view the finer details).
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Figure 7. MEt3R [1] consistency comparison across multiple datasets. This metric quantifies the multi-view consistency by measuring the
error between adjacent frames in a sequence. Our method (+SCTG) consistently achieves lower MEt3R scores than the baseline (-SCTG),
indicating superior temporal coherence and fewer visual artifacts in the generated sequences (Lower scores are better).

DNGaussian [16], which employs global-local depth nor- sults in a PSNR of 29.78 with a notable increase in LPIPS,
malization for 3DGS optimization. Together, these methods highlighting its role in generating photorealistic details. Be-
provide a solid foundation for evaluating our approach. yond single-image metrics, our Full Method significantly

outperforms all variants in perceptual fidelity, as indicated
4.4. Ablation Studies by the VLM-based scores (Table 4). It also achieved the

lowest MEt3R scores (Fig. 7), indicating superior geomet-

To validate the contribution of each component, we con- . .
ric consistency.

ducted comprehensive ablation studies on the DL3DV-10K
dataset [17]. Quantitative (Table 3) and qualitative (Fig. 6)
results confirm the importance of each module. Baseline
3DGS yields a low PSNR of 22.15. Removing the entire We evaluated our method using multiple benchmarks un-

4.5. Analysis

SCTG module (w/o SCTG) causes a dramatic performance der sparse-view conditions, employing both standard met-
drop to a PSNR of 25.34, confirming that unguided diffu- rics and VLM-based perceptual scores. As shown in Tab. 1,
sion priors are insufficient. Within SCTG, ablating the Oc- our approach consistently achieves the best LPIPS scores
clusion Mask (w/o Occlusion Mask) degrades the PSNR to across all datasets, demonstrating superior perceptual fi-
28.91, as the model reinforces uncertain regions. Similarly, delity and structural preservation. For novel view synthe-

removing the VGG Perceptual Loss (w/o VGG Loss) re- sis tasks without available ground truth, Tab. 2 reports the



Method MipNeRF360 MVImgNet DL3DV-10K Tanks and Temples
PSNRT SSIMT LPIPS| | PSNRT SSIM{T LPIPS| | PSNRT SSIM{T LPIPS| | PSNRT SSIMT LPIPS|

SD-Inpainting 21.93 0.477 0.188 20.50 0.522 0.186 23.31 0.740 0.105 23.31 0.730 0.105
FSGS 24.50 0.710 0.155 21.50 0.610 0.162 29.80 0.760 0.077 25.51 0.700 0.093
InstantSplat 24.85 0.720 0.148 21.58 0.618 0.158 30.15 0.825 0.062 25.63 0.715 0.091
CF-3DGS 19.75 0.520 0.235 18.20 0.485 0.285 18.99 0.737 0.271 15.95 0.557 0.503
DNGaussian 15.43 0.433 0418 15.69 0.300 0.706 29.01 0.847 0.060 21.86 0.733 0.271
Ours 23.15 0.740 0.112 21.65 0.632 0.139 30.52 0.870 0.049 25.47 0.745 0.088

Table 1. Quantitative comparison of our method with SD-Inpainting, FSGS, InstantSplat, CF-3DGS, and DNGaussian across several
benchmark datasets using PSNR, SSIM, and LPIPS metrics.

Method

Tanks and Temples

MVImgNet

MipNeRF360

DL3DV-10K

Noise-Free? Edget Structuref Detailt Quality

Noise-FreeT Edget Structuret Detail? Quality?

Noise-FreeT Edge? Structure? DetailT Quality?

Noise-FreeT Edge? Structure? DetailT Qualityt

FSGS 0.012 0.055 0.065 0.872  0.062 0.011 0.052 0.061 0.860  0.065 0.010 0.050 0.059 0.854  0.064 0.013 0.057 0.068 0.858  0.067
InstantSplat 0.027 0.194 0.178 0.971 0.141 0.024 0.183 0.166 0976  0.137 0.017 0.158 0.152 0.968  0.125 0.021 0.181 0.163 0973 0.130
CF-3DGS 0.032 0.210 0.190 0.963  0.148 0.031 0.205 0.188 0.958  0.140 0.026 0.192 0.174 0957  0.133 0.027 0.189 0.182 0.954  0.135
DNGaussian 0.045 0.218 0.205 0.950  0.200 0.043 0.220 0.214 0.948  0.208 0.037 0.223 0.210 0.951 0.202 0.038 0.221 0.212 0.949  0.198
SD-Inpainting 0.023 0.215 0.228 0.960  0.212 0.022 0.210 0.223 0.951 0.204 ‘ 0.020 0.208 0.216 0.947  0.193 ‘ 0.019 0.205 0214 0.952  0.199
Ours 0.174 0.702 0.545 0.991  0.401 0.179 0.711 0.552 0.989  0.409 0.165 0.698 0.537 0.988  0.395 0.172 0.705 0.542 0.990  0.403

Table 2. Quantitative comparison of perceptual quality for novel view synthesis where ground truth is not available. The VLM-based scores
across multiple benchmark datasets indicate better performance with higher values in noise reduction, edge clarity, structural coherence,

detail preservation, and overall visual quality.

Variant PSNR (1) | SSIM (1) | LPIPS (1)
Baseline 3DGS 22.15 0.751 0.182
w/o SCTG 25.34 0.795 0.115
w/o Occlusion Mask 28.91 0.842 0.068
w/0 VGG Loss 29.78 0.861 0.059
Ours (Full Method) 30.52 0.870 0.049

Table 3. Ablation study of the core components of our method.

Method Noise-Freet | Edget | Structuref | Detailt | Quality{
Baseline 3DGS 0.015 0.185 0.168 0.955 0.132
w/o SCTG 0.025 0.215 0.220 0.968 0.205
w/o Occlusion Mask 0.121 0.595 0.435 0.981 0.315
w/o VGG Loss 0.158 0.681 0.515 0.986 0.380
Ours (Full) 0.172 0.705 0.542 0.990 0.403

Table 4. Ablation study across five LLaVA-IQA metrics.

VLM-based scores. Our method consistently outperformed
all baselines, with scores in the ”Structure” and “Edge” cat-
egories reaching up to three times higher than those of the
next best method. Qualitative comparisons in Fig. 4 and
5, further support these findings. The SCTG-refined out-
puts preserved sharper edges and cleaner geometry, effec-
tively restoring spatial fidelity in areas where the baselines
exhibit artifacts. The combination of VLM-based metrics
with our MEt3R Fig. 7 results provides a holistic validation,
confirming that perceptual improvements are directly tied to
enhanced geometric consistency. These improvements are
consistent across diverse scenes, highlighting the robustness
and strong generalization of our training-free strategy.

5. Conclusion

We introduce SplatFusion, a training-free framework that
leverages pretrained video diffusion priors to enhance

sparse-view 3D Gaussian Splatting (3DGS) reconstruc-
tions. Our central contribution, Scene-Consistent Tempo-
ral Guidance (SCTGQG), uses rendered 3DGS frames to en-
force spatial and temporal coherence during the diffusion
process. By reprojecting the refined 2D outputs back into
the 3DGS representation, our method effectively fills oc-
cluded and underconstrained regions without requiring any
scene-specific fine-tuning. Empirical evaluations show that
SplatFusion consistently outperforms geometry-only base-
lines and achieves competitive visual fidelity. Quantitative
metrics further confirmed that SCTG enhances both percep-
tual quality and geometric consistency across views. Ulti-
mately, our work provides a promising paradigm for bridg-
ing the gap between 2D generative priors and 3D geometry.
This approach also offers foundational insights into the fu-
ture direction of the field, demonstrating that by carefully
designing a guidance mechanism like SCTG, we can explic-
itly enforce geometric consistency to overcome the inherent
limitations of 2D generative priors.
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