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Abstract. Free-viewpoint 3D scene media is increasingly important for
immersive applications, yet practical capture often suffers from severe
view sparsity and motion blur. Although neural rendering has advanced
sparse-view synthesis, existing blur-aware methods typically require sub-
stantial multi-view redundancy, accurate camera poses, or costly per-
scene optimization. We address a stringent yet practical setting: re-
constructing a coherent 3D scene from only two motion-blurred im-
ages with known intrinsics, without input-view poses, auxiliary sharp
images, or per-scene test-time optimization. To this end, we propose
CasDeblurGS, a cascaded framework that progressively recovers reli-
able cross-view information from local 2D correspondences to global 3D
guidance. Stage 1 constructs locally reliable guidance through occlusion-
aware correspondence filtering, while Stage 2 aggregates the interme-
diate restorations into a provisional pose-free 3D Gaussian representa-
tion whose input-view re-renders provide dense global guidance for final
restoration. The resulting views enable a more coherent 3D representa-
tion and higher-quality novel-view synthesis. Experiments on real-world
and synthetic Deblur-NeRF scenes show consistent gains over strong
baselines, improving PSNR by 1.19 dB and 2.11 dB, respectively. Pro-
gressive ablations, cross-view correspondence visualization, and camera
reprojection analysis further demonstrate improvements in both render-
ing quality and multi-view geometric consistency.

Keywords: Gaussian Splatting · Deblurring · Sparse Reconstruction

1 Introduction

Recent advances in neural rendering, from neural radiance fields (NeRF) [24]
to 3D Gaussian Splatting (3DGS) [12], have substantially improved the fidelity
and efficiency of novel-view synthesis. Together with recent feed-forward recon-
struction methods, which directly recover 3D representations from sparse images
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Fig. 1: (Left) Given two blurry images, CasDeblurGS progressively combines local 2D
guidance and global 3D guidance for coherent 3D Gaussian reconstruction. (Right)
Compared to CoherentGS [39], Difix3D+ [36], and GAURA [8], ours produces sharper
details and more coherent novel views in the challenging two-view blurry setting.

[2, 5, 9, 10, 38, 41], these advances are making free-viewpoint 3D media increas-
ingly practical for applications such as XR, immersive telepresence, and digital
content creation [1, 7, 11,13,44].

Despite this progress, practical capture remains challenging. Dense multi-
view acquisition may be infeasible because of limited capture time, sensing con-
ditions, or platform stability, forcing reconstruction to rely on only a few ob-
servations. When these sparse inputs are further degraded by motion blur from
handheld imaging, platform vibration, or low-light exposure, image details and
cross-view correspondences are simultaneously corrupted, making reliable scene
recovery substantially more difficult.

Recent studies have tackled this challenge by incorporating blur-aware mod-
eling into neural rendering or jointly optimizing image restoration and scene
representation [6, 14, 22, 26, 46, 48]. However, these approaches remain difficult
to deploy in practice. First, they typically rely on per-scene test-time optimiza-
tion and substantial multi-view redundancy to stabilize the joint estimation of
blur and scene structure, often requiring 20–40 input images. Such assumptions
are difficult to satisfy when only a few blurry views are available and rapid re-
construction is desired. Second, they depend on reliable geometric initialization
under blur, typically in the form of accurate camera poses or coarse scene geom-
etry. Such initialization is already difficult to recover from blurry frames using
standard structure-from-motion pipelines [27]. When both view redundancy and
geometric initialization are weak, the problem becomes ill-posed, often leading
to unstable and spurious geometry.

These limitations become even more severe in sparse-view settings, where
blur further weakens the already limited cross-view constraints. Consequently,
even methods designed for sparse-view blurry reconstruction remain fragile in
the extreme two-view regime [15,39]. Under such limited observations, the joint
estimation of blur and scene structure becomes severely ill-conditioned, often
yielding blurry renderings, noisy geometry, and floating artifacts.

In this work, we consider a stringent yet practical setting: reconstructing a
coherent 3D scene from only two motion-blurred images with known camera in-
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trinsics, without input-view camera poses, auxiliary sharp images, or per-scene
test-time optimization. The central difficulty is that severe blur corrupts the
already limited cross-view evidence required for both local correspondence es-
timation and global 3D aggregation. Directly transferring unreliable 2D corre-
spondences can introduce misaligned structures, while aggregating inconsistent
observations in 3D can propagate these errors into the reconstructed scene.

Our key idea is to recover reliable cross-view information progressively, from
local 2D correspondences to global 3D guidance. We propose CasDeblurGS, a
cascaded 2D-to-3D multi-view consistency framework. In Stage 1, a frozen sta-
bilizer first produces alignment-friendly observations, after which our occlusion-
aware cross-view guidance module (OCGM) filters unreliable optical-flow corre-
spondences through forward–backward consistency and constructs masked refer-
ence warps for intermediate restoration. In Stage 2, these restorations are aggre-
gated by a frozen pose-free 3DGS backbone into a provisional 3D representation
whose input-view re-renders provide dense global guidance for final restoration.
The final restored views are then passed through the same frozen backbone to
construct the output 3D representation for novel-view synthesis. At inference
time, CasDeblurGS requires only the two blurry images and their intrinsics,
with no camera poses, depth maps, external generative priors, or scene-specific
optimization.

This progressive design combines complementary strengths of 2D and 3D
guidance. Local warping selectively transfers fine cross-view evidence where cor-
respondences are reliable, whereas the provisional 3D representation aggregates
information from both views to provide dense scene-level feedback. Consequently,
the cascade improves both the quality of the restored observations and their con-
sistency for downstream 3D reconstruction.

Experiments on synthetic and real-world Deblur-NeRF scenes demonstrate
consistent gains over strong blur-aware and restoration-based baselines. CasDe-
blurGS improves PSNR over the strongest competing results by 1.19 dB on real-
world scenes and 2.11 dB on synthetic scenes. Progressive ablations, cross-view
correspondence visualization, and camera reprojection analysis further demon-
strate improvements in both novel-view synthesis quality and multi-view geo-
metric consistency.

Our contributions are summarized as follows:

– We introduce CasDeblurGS, a pose-free feed-forward framework for 3D re-
construction from only two motion-blurred images with known intrinsics,
without auxiliary sharp images or per-scene test-time optimization.

– We propose a cascaded 2D-to-3D guidance strategy that establishes locally
reliable cross-view correspondences through OCGM and then exploits pose-
free 3D re-rendering to provide dense global guidance for final restoration.

– We demonstrate consistent improvements on real-world and synthetic Deblur-
NeRF scenes, supported by progressive ablations, cross-view correspondence
visualization, and camera reprojection analysis.
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2 Related Work

2.1 Radiance Fields from Blurry Images

Recent advances in NeRF and 3D Gaussian Splatting (3DGS) have spurred re-
search on modeling camera motion blur for sharp 3D scene reconstruction. A
common strategy is to simulate the blur formation process by modeling camera
motion during exposure as a continuous trajectory. Existing methods param-
eterize this trajectory using SE(3) interpolation for linear motion [32, 37, 48],
Bézier curves for complex nonlinear paths [17], or Neural ODEs for flexible
temporal transformations [18, 19]. However, such trajectory optimization typ-
ically requires substantial multi-view redundancy to jointly stabilize blur and
geometry estimation. In sparse-view settings, insufficient multi-view constraints
make this estimation unreliable; in the extreme two-view blurry regime, stan-
dard SfM initialization becomes infeasible and cross-view correspondences are
severely weakened, leading to unstable geometry estimation.

Alternatively, some methods address sparse blurry inputs using 2D struc-
tural or semantic priors, or external generative models. For instance, HQGS [20]
leverages 2D edges and semantic cues, S2Gaussian [31] resolves feature-space
cross-view inconsistencies during 2D super-resolution, and CoherentGS [39] aug-
ments virtual views with deblurring networks and diffusion priors. However, these
methods rely heavily on local 2D cues or external priors. In extreme two-view
settings with limited geometric constraints, they struggle to ensure global 3D
coherence, often producing structural distortions and cross-view inconsistencies
in the final renderings.

2.2 Feed-forward 3D Gaussian Splatting

While traditional 3DGS relies on per-scene optimization, recent generalizable
feed-forward methods [45] directly predict 3D Gaussians from sparse views.
Building on earlier generalizable NeRFs [3,33,42], 3DGS-based models now dom-
inate this direction, using epipolar geometry, cost volumes, depth-aware match-
ing, or hybrid volume-pixel representations for cross-view aggregation [2, 5, 29,
35, 38, 43]. Pose-free variants further remove explicit pose dependence through
coarse-to-fine alignment or canonical-space prediction [9,10,41]. However, these
methods largely assume sharp inputs and remain vulnerable to severe motion
blur.

GAURA [8] jointly addresses feed-forward reconstruction and deblurring, but
it assumes known camera poses, uses kernel-based synthetic blur, and remains
unverified in the extreme two-view regime. More fundamentally, feed-forward
aggregation depends on reliable cross-view correspondence cues, such as pho-
tometric consistency or epipolar features, which degrade severely under strong
blur. This problem is amplified in two-view settings, where no additional obser-
vations are available to compensate for the lost constraints.
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2.3 Multi-view Image Deblurring

Multi-view deblurring exploits geometric cues such as disparity and depth for
restoration [25, 40, 49], but its reliance on correspondence estimation limits its
effectiveness in extreme two-view blurry settings where high-frequency details
are severely degraded and reliable camera poses and depth are unavailable.

Fundamentally, improving 2D image quality alone does not guarantee 3D
consistency for novel view synthesis [16, 17, 22, 32]. Recent diffusion-based ap-
proaches aim at 3D-consistent restoration [21,23,36], yet remain vulnerable when
severe blur collapses geometric matching cues. Motivated by these limitations,
we propose a cascaded design that progresses from flow-based local 2D guid-
ance to global 3D constraints via pose-free 3DGS re-rendering, enabling stable
reconstruction without external generative priors at inference time.

3 Preliminaries

3.1 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) represents a scene using a set of anisotropic 3D
Gaussians:

G = {gm}Mm=1, gm = (µm,qm, sm, αm, cm), (1)

where µm ∈ R3 denotes the Gaussian center, qm the rotation, sm the scale, αm
the opacity, and cm the appearance parameters, e.g., spherical harmonics coef-
ficients [12, 41]. Given a target viewpoint vt, the differentiable 3DGS rasterizer
renders an image as:

Ît = Render(G, vt). (2)

This formulation supports efficient differentiable rendering and serves as the
scene representation used throughout our pipeline.

3.2 Pose-free Feed-forward 3DGS

Pose-free feed-forward 3DGS reconstructs a scene directly from sparse images
and their camera intrinsics without requiring input-view camera extrinsics. In
particular, NoPoSplat [41] learns a mapping:

G = hη
(
{(Ii,Ki)}Ni=1

)
, (3)

where Ii and Ki denote the i-th input image and its camera intrinsics, respec-
tively. NoPoSplat uses the first input view to establish a canonical coordinate
frame and directly predicts the Gaussians associated with all input views in this
shared space. This enables direct multi-view fusion without externally supplied
input-view camera poses. The camera intrinsics are incorporated into the input
representation to account for camera geometry and alleviate scene-scale ambi-
guity. The resulting Gaussian representation can then be rendered from a target
viewpoint expressed in the same canonical frame using Eq. (2).
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Fig. 2: Overview of CasDeblurGS. (Top) The cascade constructs local 2D guidance,
then uses a frozen pose-free 3DGS backbone to provide global 3D guidance for final
restoration. Final restorations feed the same backbone for novel-view synthesis. (Bot-
tom) OCGM stabilizes inputs, estimates bidirectional RAFT flow, derives forward–
backward consistency masks, and produces masked cross-view warps for Stage 1.

In this work, we instantiate the backbone in the two-view setting (N = 2) and
keep hη frozen throughout the pipeline. As detailed in Sec. 4, its canonical-space
reconstruction and re-rendering capabilities are used for global 3D guidance and
final novel-view synthesis, without scene-specific test-time optimization.

4 Method

Given two motion-blurred images and their known camera intrinsics, {(Bi,Ki)}2i=1,
CasDeblurGS progressively recovers reliable cross-view guidance to restore the
input views and construct a pose-free 3D Gaussian representation for novel-view
synthesis. No ground-truth or pre-estimated input-view camera poses are pro-
vided to the framework. As illustrated in Fig. 2, the pipeline comprises two
cascaded restoration stages followed by final pose-free 3D reconstruction.

Stage 1 establishes locally reliable correspondence-based guidance and uses
it to produce sharper intermediate restorations with improved cross-view con-
sistency. Stage 2 aggregates these intermediate views into a provisional 3D rep-
resentation and re-renders it at the input viewpoints, providing dense global
guidance for final restoration. The final restored views are then processed by the
same frozen 3DGS backbone to construct the output representation for novel-
view synthesis.
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The stabilizer Sϕ [4], the RAFT-based optical-flow estimator [30], and the
pose-free 3DGS backbone hη [41] remain frozen throughout the pipeline. The 2D-
and 3D-guided restoration networks, D2D

θ and D3D
ψ , are trained offline in a stage-

wise manner. All modules are fixed at inference, and CasDeblurGS therefore
requires no scene-specific test-time optimization.

The key design of CasDeblurGS is the progressive construction of reliable
cross-view guidance. Stage 1 suppresses unreliable local correspondences through
occlusion-aware masking, whereas Stage 2 lifts the intermediate restorations into
a shared 3D representation and projects the aggregated scene information back
to the image plane. Algorithm 1 summarizes the complete inference pipeline.
Training and implementation details are provided in Sec. 5.1 and the supple-
mentary material.

4.1 Stage 1: Local 2D Guidance and Deblurring

Stage 1 constructs locally reliable correspondence-based guidance from the two
input views. It transfers cross-view information only where the estimated corre-
spondence is sufficiently trustworthy. The stage consists of alignment precondi-
tioning, occlusion-aware cross-view guidance generation, and 2D-guided restora-
tion.

Alignment preconditioning with a Stabilizer. Directly estimating optical
flow between severely motion-blurred inputs is unreliable because blur suppresses
and distorts structures shared across views. We therefore first process each input
using a frozen pretrained stabilizer:

C1 = Sϕ(B1), C2 = Sϕ(B2). (4)

The stabilized views (C1, C2) are not treated as final restorations. Instead, they
serve as alignment-friendly observations from which more reliable cross-view
correspondences can be estimated.

Occlusion-aware cross-view guidance. From the stabilized views, we esti-
mate bidirectional optical flow using a frozen RAFT model [30]:

F1←2 = RAFT(C2, C1), F2←1 = RAFT(C1, C2). (5)

Here, Fb←r denotes a flow field defined on the base-view coordinates of b, used
to map content from the reference view r into view b. Not every estimated cor-
respondence provides reliable restoration guidance. Occlusions, motion bound-
aries, out-of-bounds projections, and blur-induced flow errors can introduce mis-
aligned or duplicated structures. We therefore validate each correspondence us-
ing forward–backward consistency. For a pixel location x in the base view, its
mapped coordinate in the reference view is

x′ = x+ Fb←r(x). (6)
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The corresponding forward–backward residual is

e(x) = ∥Fb←r(x) + Fr←b(x
′)∥2 . (7)

To avoid over-rejecting valid correspondences under large displacements, we use
the motion-adaptive threshold

T (x) = τ + α (∥Fb←r(x)∥2 + ∥Fr←b(x′)∥2) , (8)

where τ provides a base tolerance for small estimation and resampling errors,
and α adjusts the tolerance according to the motion magnitude. The validity
mask is defined as

Mb←r(x) = ⊮[in-bounds(x′)] · ⊮[e(x) ≤ T (x)]. (9)

Only correspondences satisfying both the in-bounds and forward–backward con-
sistency conditions are retained. We then construct the masked cross-view warp

Wb←r = Mb←r ⊙W
(
Cr, Fb←r

)
, (10)

where W denotes backward warping. We refer to this combination of bidirec-
tional flow estimation, forward–backward validation, and masked warping as the
occlusion-aware cross-view guidance module (OCGM). Applying OCGM in both
directions produces the guidance–mask pairs (W1←2,M1←2) and (W2←1,M2←1).

2D-guided deblurring. For each view, we concatenate the original blurry
input, the corresponding masked cross-view warp, and its validity mask:

S̃1 = D2D
θ

(
concat(B1,W1←2,M1←2)

)
,

S̃2 = D2D
θ

(
concat(B2,W2←1,M2←1)

)
.

(11)

Using the original blurry image as the base preserves image evidence that may
be altered by the stabilizer, while the masked warp transfers complementary
information from the other view. The explicit validity mask additionally indi-
cates where the cross-view guidance can be trusted. The resulting intermediate
restorations (S̃1, S̃2) provide sharper observations with improved cross-view con-
sistency for constructing the provisional 3D representation in Stage 2.

4.2 Stage 2: Global 3D Guidance and Deblurring

Stage 2 aggregates the intermediate restorations into a provisional 3D represen-
tation and projects the resulting scene-level information back to the image plane
for final restoration. While Stage 1 transfers locally reliable information through
correspondence-based masked warping, Stage 2 provides dense global guidance
induced by a shared 3D representation.
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Provisional 3D representation and re-render guidance. We feed the in-
termediate restorations (S̃1, S̃2) and their camera intrinsics into the frozen pose-
free 3DGS backbone:

G = hη
(
(S̃1,K1), (S̃2,K2)

)
. (12)

We then re-render the resulting 3D Gaussian representation at the two input
viewpoints:

R1 = Render(G, v1), R2 = Render(G, v2), (13)

where v1 denotes the first input viewpoint in the canonical camera frame estab-
lished by the pose-free backbone, and v2 is determined by the relative camera
geometry inferred for the second view. Both viewpoints are internal to the back-
bone’s canonical-space formulation; no ground-truth or pre-estimated input-view
poses are provided to CasDeblurGS. Because G is jointly constructed from both
intermediate restorations, the re-rendered images (R1, R2) encode scene infor-
mation aggregated across the two views and provide dense 3D guidance over the
full image plane.

3D-guided deblurring. For each view, we combine the original blurry input
with its corresponding re-render guidance:

Ŝ1 = D3D
ψ

(
concat(B1, R1)

)
,

Ŝ2 = D3D
ψ

(
concat(B2, R2)

)
.

(14)

The original blurry input preserves view-specific image evidence, while the re-
rendered view supplies complementary scene-level structure aggregated through
the shared 3D representation. Unlike the spatially selective correspondence guid-
ance used in Stage 1, the re-rendered images provide dense guidance across the
full image plane. Stage 2 thereby produces the final restored views (Ŝ1, Ŝ2) using
information jointly derived from both intermediate restorations.

4.3 Final 3D Representation for NVS

We apply the same frozen pose-free 3DGS backbone once more to the final
restored views:

G⋆ = hη
(
(Ŝ1,K1), (Ŝ2,K2)

)
. (15)

The provisional representation G is constructed from the intermediate restora-
tions solely to generate the re-render guidance used in Stage 2. In contrast, G⋆
is constructed from the final restored views and serves as the output 3D repre-
sentation for novel-view synthesis.

Given G⋆, we render novel viewpoints using the differentiable 3DGS raster-
izer. CasDeblurGS performs no per-scene or test-time optimization of G⋆. In-
stead, the proposed cascade supplies the frozen pose-free backbone with sharper
and more mutually consistent input observations, enabling it to construct a more
coherent final 3D representation.



10 H. Choi et al.

Algorithm 1 Inference Pipeline of CasDeblurGS

Require: Two blurry images and intrinsics {(Bi,Ki)}2i=1

Ensure: Restored images (Ŝ1, Ŝ2) and 3D representation G⋆
Note. All modules are frozen at inference.
Stage 1: Local 2D Guidance and Deblurring

1: C1 ← Sϕ(B1) ▷ stabilization
2: C2 ← Sϕ(B2)
3: F1←2 ← RAFT(C2, C1) ▷ optical flow
4: F2←1 ← RAFT(C1, C2)
5: M1←2 ← FBMask(F1←2, F2←1) ▷ validity mask
6: M2←1 ← FBMask(F2←1, F1←2)
7: W1←2 ←M1←2 ⊙W(C2, F1←2) ▷ masked warp
8: W2←1 ←M2←1 ⊙W(C1, F2←1)
9: S̃1 ← D2D

θ (concat(B1,W1←2,M1←2)) ▷ 2D guidance
10: S̃2 ← D2D

θ (concat(B2,W2←1,M2←1))
Stage 2: Global 3D Guidance and Deblurring

11: G ← hη
(
(S̃1,K1), (S̃2,K2)

)
▷ pose-free 3DGS backbone

12: R1 ← Render(G, v1) ▷ re-render
13: R2 ← Render(G, v2)
14: Ŝ1 ← D3D

ψ (concat(B1, R1)) ▷ 3D guidance
15: Ŝ2 ← D3D

ψ (concat(B2, R2))
Final 3D Representation for Novel View Synthesis

16: G⋆ ← hη
(
(Ŝ1,K1), (Ŝ2,K2)

)
17: return (Ŝ1, Ŝ2,G⋆)

5 Experiments

5.1 Experimental Setup

Datasets and two-view evaluation protocol. We train our restoration
networks on the synthetic camera-motion-blur dataset introduced in DeepDe-
blurRF [6] and evaluate on the camera-motion-blur subset of Deblur-NeRF [22],
which comprises five synthetic scenes and ten real-world scenes. For a fair com-
parison, we evaluate all methods on 85 fixed tuples across 15 scenes: 25 synthetic
and 60 real-world. Each tuple contains two blurry inputs and one held-out target
view for novel-view synthesis. The complete input–target mappings are provided
in the supplementary material. All images are resized with preserved aspect ratio
and center-cropped to 256× 256 to match the pose-free 3DGS backbone [41].

Compared methods. We compare CasDeblurGS with representative sparse-
view 3DGS methods. SE-GS [47] performs per-scene optimization for few-shot
novel-view synthesis, while GAURA [8] is a generalizable feed-forward method
for sparse blurry inputs. CoherentGS [39] targets sparse motion blur using video
diffusion priors and alternating per-scene optimization.

To test whether stronger 2D restoration before reconstruction is sufficient, we
construct two deblurring-then-reconstruction baselines. Specifically, we pair the
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Table 1: Novel-view synthesis results on real-world and synthetic Deblur-NeRF scenes.
DAVANet and Difix3D+ use the same frozen pose-free 3DGS backbone as ours. Best
and second-best are highlighted in bold and underlined, respectively.

Real-world Synthetic

Method Pose-Free Generalizable PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

SE-GS [47] × × 15.90 0.398 0.443 18.76 0.560 0.338
GAURA [8] × ✓ 17.67 0.508 0.444 17.91 0.524 0.414
CoherentGS [39] × × 19.90 0.660 0.292 21.11 0.687 0.259

DAVANet [49] ✓ ✓ 19.34 0.573 0.360 19.61 0.625 0.292
Difix3D+ [36] ✓ ✓ 19.94 0.611 0.311 21.30 0.673 0.262
Ours ✓ ✓ 21.13 0.700 0.228 23.41 0.796 0.165

same frozen pose-free 3DGS backbone used in CasDeblurGS with DAVANet [49],
a stereo deblurring network, and Difix3D+ [36], a diffusion-based 3D enhance-
ment method. For these controls, the “Pose-Free” and “Generalizable” refer to
the integrated pipelines rather than to the restoration models alone. All methods
use the same two-view protocol and input–target mappings (see Supplementary
Material), with official implementations adapted where necessary.

Implementation details. We use a pretrained NAFNet [4] as the frozen stabi-
lizer Sϕ and RAFT-Large [30] as the frozen optical-flow estimator. For hη, we use
the NoPoSplat checkpoint [41] trained on RealEstate10K with two 256× 256 in-
puts. Both restoration networks, D2D

θ and D3D
ψ , follow the NAFNet architecture

with a base width of 64.
Stage 1 takes a 7-channel concatenation of the blurry base view, masked cross-

view warp, and validity mask, whereas Stage 2 takes a 6-channel concatenation of
the blurry base view and its 3D re-render guidance. We train the two restoration
networks stage-wise. The Stage 1 network is trained first, after which it is fixed
while training the Stage 2 network.

Each stage is optimized for 400K iterations using AdamW with an initial
learning rate of 10−3, weight decay of 10−3, and β1 = β2 = 0.9. We use cosine
learning-rate decay with a minimum learning rate of 10−7 and a batch size of
32 per GPU on two NVIDIA A100 GPUs. The training objective combines an
ℓ1 reconstruction loss and a VGG-based perceptual loss [28,34]. For OCGM, we
set the forward–backward consistency parameters to τ = 1.0 and α = 0.01 in all
experiments. Sensitivity analysis for these parameters, runtime comparisons, and
additional implementation details are provided in the supplementary material.

Evaluation metrics. We evaluate novel-view renderings against the corre-
sponding sharp reference images using PSNR, SSIM, and LPIPS. We report
the average over all fixed evaluation tuples separately for the synthetic and real-
world subsets. Higher PSNR and SSIM indicate better reconstruction quality,
whereas lower LPIPS indicates greater perceptual similarity.
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SE-GS GAURA CoherentGS Difix3D+ DAVANet Ours GTInputs

Fig. 3: Qualitative novel-view synthesis comparisons on real-world and synthetic
Deblur-NeRF scenes. The upper vehicle scene is real-world and the lower indoor scene
synthetic. The Inputs column shows the two blurry views. For each method, the upper
image shows the rendered target view, while the lower enlarges the red-boxed region.

5.2 Comparison with Prior Methods

Quantitative results. Table 1 compares CasDeblurGS with prior methods on
the real-world and synthetic Deblur-NeRF subsets. Our method achieves the
best performance across all metrics on both subsets. On real-world scenes, Cas-
DeblurGS obtains 21.13 dB PSNR, 0.700 SSIM, and 0.228 LPIPS, outperforming
the best competing results by 1.19 dB, 0.040, and 0.064, respectively. The gains
are larger on synthetic scenes, where our method improves PSNR by 2.11 dB,
SSIM by 0.109, and LPIPS by 0.094.

The gaps also reflect differences between the baselines’ native settings and
our extreme two-view regime. SE-GS addresses few-shot reconstruction from
sparse posed views but does not explicitly handle blur-corrupted correspon-
dences. GAURA is trained with 8–12 source views and uses 10 views at inference,
leaving substantially less multi-view redundancy for epipolar aggregation when
restricted to two inputs. CoherentGS directly targets sparse motion blur but re-
ports configurations with 3, 6, or 9 views, leaving its alternating reconstruction
and generative expansion more weakly constrained under only two inputs.

The consistent gains over DAVANet and Difix3D+, which use the same frozen
NoPoSplat backbone, show that applying a strong 2D restoration model be-
fore reconstruction is insufficient. Instead, the results demonstrate the benefit
of progressively incorporating reliable local correspondence cues and global 3D
guidance. Moreover, CasDeblurGS remains pose-free and generalizable without
per-scene optimization.
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Qualitative results. As shown in Fig. 3, SE-GS and GAURA retain substan-
tial blur, while CoherentGS and the restoration-based baselines partially reduce
blur but oversmooth details or introduce structural artifacts. These limitations
are particularly visible around the vehicle grille in the real-world example and
the table edges and legs in the synthetic example. In contrast, CasDeblurGS
recovers sharper boundaries and structures that more closely match the ground-
truth views. These results show that the cascade improves both sharpness and
structural fidelity in novel-view renderings. Additional qualitative results are
provided in the supplementary material.

5.3 Ablation Studies

Table 2: Ablation on real-world scenes.

Blurry +Stab. +2D +3D

PSNR ↑ 20.07 20.30 20.88 21.13
SSIM ↑ 0.612 0.655 0.684 0.700

Progressive contribution of the cas-
cade. Table 2 shows consistent gains as
the stabilizer, Stage 1 2D guidance, and
Stage 2 3D guidance are progressively in-
troduced. The stabilizer provides an ini-
tial improvement by producing more alignment-friendly observations. Stage 1
yields the largest incremental PSNR gain (+0.58 dB), confirming the benefit of
locally reliable cross-view correspondences. Stage 2 further improves PSNR by
0.25 dB and SSIM by 0.016, indicating that dense global guidance resolves resid-
ual inconsistencies that cannot be addressed by 2D warping alone. Additional
component diagnostics are provided in the supplementary material.

Cross-view correspondence analysis. Figure 4 visualizes the progressive
improvement in cross-view consistency. On BlurBasket, the number of matches
increases from 69 for the blurry inputs to 77 after stabilization, 96 after Stage 1,
and 112 after Stage 2. The limited gain from stabilization reflects its independent
per-view processing, whereas Stage 1 establishes more reliable local correspon-
dences through OCGM. Stage 2 further improves correspondence recovery in

Blurry Stabilizer 2D-guided Deblurring 3D-guided Deblurring
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SSIM: 0.629 | Matches: 69 SSIM: 0.666 | Matches: 77 SSIM: 0.691 | Matches: 96 SSIM: 0.703 | Matches: 112

Fig. 4: Progressive ablation on real-world BlurBasket scene. Green lines denote cross-
view 2D matches between input views, and red arrows highlight the basket handle.
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Table 3: Camera reprojection analysis on real-world scenes.

Stage Valid pts ↑ Reproj. err. ↓ Inliers@1px ↑ Inlier ratio ↑

Stage 1 95.1 0.2215 85.4 0.9168
Stage 2 126.3 0.2001 113.5 0.9343

regions that remain challenging for 2D warping alone, such as the basket handle
highlighted by the red arrows. These results show that the cascade progressively
improves both local correspondence reliability and global structural consistency.

Camera reprojection analysis. To examine whether Stage 2 improves cross-
view geometric consistency rather than merely image sharpness, we conduct the
reprojection analysis reported in Tab. 3. For each restored input pair, we extract
mutual SIFT matches, triangulate them using the benchmark camera projection
matrices, and compute symmetric reprojection errors in both views. We report
averages across the evaluation pairs for valid triangulated points, median repro-
jection error, one-pixel inliers, and inlier ratio. The benchmark camera poses
are used only for this evaluation and are never provided to our pose-free recon-
struction pipeline. Compared with Stage 1, Stage 2 produces approximately 33%
more valid triangulated points and one-pixel inliers while reducing reprojection
error by 9.7%. The inlier ratio increases from 0.9168 to 0.9343, indicating that
3D re-render guidance improves the geometric consistency of the restored views.

6 Conclusion

We presented CasDeblurGS, a cascaded framework for pose-free 3D Gaussian
Splatting from two motion-blurred images with known camera intrinsics. Our
method progressively recovers reliable cross-view information: Stage 1 constructs
locally trustworthy 2D guidance via occlusion-aware correspondence filtering,
while Stage 2 uses pose-free 3D re-rendering to provide dense global guidance
for final restoration. The resulting views enable coherent 3D reconstruction with
a frozen feed-forward 3DGS backbone without input-view poses, auxiliary sharp
images, or per-scene test-time optimization. Experiments on real-world and syn-
thetic Deblur-NeRF scenes demonstrate consistent gains over sparse-view recon-
struction and restoration baselines. Progressive ablations, reprojection analysis,
and cross-view correspondence visualization further show that the proposed cas-
cade improves both rendering quality and multi-view geometric consistency.

Limitations and future work. Our framework assumes known intrinsics and
static scenes in a two-view setting. Its correspondence guidance may deteriorate
under extreme blur, large occlusions, or limited overlap. Future work will address
unknown intrinsics, dynamic scenes, and broader sparse-view settings.
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