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Fig. 1: Comparison of refined results for novel views with artifacts. DualDiff
maintains structural consistency with the rendered novel view while matching the ap-
pearance of the leftmost reference view, achieving better performance.

Abstract. While 3D Gaussian Splatting (3DGS) has revolutionized 3D
reconstruction and novel-view synthesis, scenarios with limited input
views often lead to poor reconstruction quality and artifacts in ren-
dered novel views. Recent efforts attempt to utilize powerful diffusion
priors, yet they typically process rendered and reference views concate-
nated along an additional dimension in a single network. These methods
overlook an inherent nature that different views should maintain ap-
pearance similarity but differ in structure due to view shifts, leading
to blur caused by conflicts between the two properties. In this paper,
we propose DualDiff, a novel pipeline that leverages dual diffusion pri-
ors with a Structure-Appearance Attention (SAA) module to introduce
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reference guidance for refining low-quality novel views rendered from
flawed 3D representations. Specifically, we retain one diffusion branch
to focus on extracting structural information from the low-quality novel
views, while introducing another branch to ensure appearance consis-
tency with reference views. Furthermore, we present a 3D reconstruction
framework named DualDiff3D, which integrates a reliability-enhanced
Render-Refine-Optimize (RRO) loop to progressively and robustly incor-
porate the refined novel views, yielding more accurate 3DGS. Extensive
experiments demonstrate that our approach outperforms state-of-the-
art methods even in the inference-only setting, with further performance
gains achievable through training. Our code and pre-trained weights will
be publicly released.

1 Introduction

3D reconstruction and novel-view synthesis (NVS) [1}3}/4,/19,45] are important
tasks in computer vision that aim to generate realistic images of a scene from
previously unseen viewpoints by giving a limited set of input images, which drives
diverse applications such as virtual/augmented reality (VR/AR), autonomous
driving, and digital content creation. In recent years, breakthroughs like 3D
Gaussian Splatting (3DGS) [12,/46] have demonstrated remarkable capability to
produce photorealistic renderings. However, methods developed based on 3DGS
encounter challenges in scenarios with sparse inputs for synthesizing novel views
that are far from the input views, due to insufficient information and constraints
provided by sparse viewpoints.

To address the limitations in scenes with sparse views, recent works [17}/35|
have explored generative models, particularly diffusion models, for enhancing
3D reconstruction and NVS. These methods typically construct an initial low-
quality 3D representation from sparse views, render a series of novel views, and
then take the original sparse views as references to refine these rendered novel
views. The refined novel views are subsequently incorporated into the training set
for subsequent 3DGS optimization. Based on the type of diffusion prior adopted
by the refinement model, these approaches can be categorized into two classes.

One class, exemplified by 3DGS-Enhancer [17], leverages video diffusion pri-
ors for refinement. They sample sequentially along a trajectory containing both
reference views and novel views, then concatenate sampled views along the tem-
poral dimension and feed them into the video diffusion model to achieve enhanced
results. These works leverage the inherent temporal continuity of video models
to introduce cross-view consistency constraints. However, high inference latency
and computational cost make them impractical for online 3DGS optimization.

The other class, such as DIFIX3D+ [35], adopts image diffusion priors for
refinement, which reduces both inference latency and computational overhead.
To enable 2D image diffusion models to handle the additional view dimension,
these methods directly embed the view dimension into the batch dimension. For
supporting cross-view reference, they concatenate features from multiple views
along the spatial dimension before the self-attention module, and restore the
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ﬂ DIFIX w/o ref 19.01 0.5722 83.84 0.2203
DIFIX w ref 18.79 0.5319 93.27 0.2563

l DualDiff w/o training 19.49 0.5994 77.58 0.2141
DualDiff w/ training 19.80 0.6328 49.38 0.1595

Refine results with the reference views moving far away
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Fig.2: Motivation of our method. (a) Illustrates the reference fusion adopted
by DIFIX. (b) Shows that on the LLFF dataset, DIFIX achieves better performance
in reference-free generation than in reference-based generation; in contrast, DualDiff
yields performance gains merely through structural modification without any additional
training. (c) Presents the subjective results of DIFIX and DualDiff as the reference view
becomes increasingly distant, where DualDiff can effectively avoid blurring.

view dimension to the batch dimension after this module, as shown in Fig. a).
Although such a method is a straightforward strategy for introducing cross-
view information interaction into image diffusion models, we identify notable
drawbacks in this design, i.e., novel views and reference views provide distinct
information in 3D reconstruction and NVS tasks. Given a rendered novel view
with artifacts, we hope the refined result to maintain consistency with the orig-
inal novel view in terms of perspective (referred to as structural consistency),
while filling the artifact regions with appropriately warped content from corre-
sponding parts of the reference views (referred to as appearance consistency).
Thus, we clarify that handling both structural and appearance information us-
ing a single network is inappropriate. As illustrated in Fig. b), the evaluation
results of DIFIX3D+ verify our argument. Surprisingly, the refinement perfor-
mance with reference views is inferior to that without references. Furthermore,
as the angular distance between reference views and novel views increases, the
blurriness caused by conflicts between structural and appearance information in
refined results becomes increasingly pronounced.

Therefore, we propose DualDiff, a novel pipeline that addresses these limita-
tions by leveraging dual diffusion priors with a Structure-Appearance Attention
(SAA) module to introduce reference guidance as presented in Fig. [3| Specifi-
cally, we retain one diffusion branch to focus on extracting structural informa-
tion from the low-quality rendered novel views, and introduce another diffusion
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branch to ensure appearance consistency with reference views. During refine-
ment, we concatenate the hidden states from the self-attention module of the
appearance branch to those from structure branch to produce new key and value,
transforming the self-attention module of structure branch into SAA module to
enable information interaction between dual branches. We also interestingly dis-
cover that the proposed DualDiff pipeline can be regarded as a “free lunch” for
existing reference-based novel view refinement models leveraging diffusion pri-
ors. When using the DualDiff pipeline, even if the weights of the U-Nets in both
branches are only initialized with those from DIFIX3D+ without any additional
training, it can still yield a 0.7dB gain in PSNR, as shown in Fig. (b) This
validates the rationality of our approach, decoupling structural and appearance
processing while fusing information via attention mechanisms.

Furthermore, we present a 3D reconstruction framework named DualDiff3D,
which integrates a reliability-enhanced Render-Refine-Optimize (RRO) loop equipped
with a Progressive Sampling and Filtering (PSF) strategy and a Confidence-
Driven Weighting (CDW) process. This cyclic process iteratively strengthens
the 3D representation by incorporating increasingly high-quality novel view con-
straints.

Finally, our contributions can be summarized as follows:

— We propose DualDiff, a novel two-branch pipeline to refine low-quality ren-
dered novel views, guided by reference views. We are the first to recognize
the necessity of decoupling structure and appearance for this task. By fully
leveraging dual diffusion priors and introducing a Structure-Appearance At-
tention (SAA) module, our model independently ensures structural consis-
tency and appearance consistency with distinct inputs.

— We introduce DualDiff3D, a 3D reconstruction framework based on a reliability-
enhanced Render-Refine-Optimize (RRO) loop, integrated with a Progres-
sive Sampling and Filtering (PSF) strategy and a Confidence-Driven Weight-
ing (CDW) process. We effectively address the critical instability issue caused
by directly feeding refined outputs from diffusion models into 3DGS opti-
mization, achieving a logical and complete closed-loop solution.

— Extensive experiments on benchmark datasets demonstrate that DualDiff3D
improves the quality of 3D reconstruction and novel view synthesis (NVS)
in both objective metrics and subjective quality even in the inference-only
scenario, with further performance gains attainable via fine-tuning.

2 Related Works

2.1 Diffusion Models

The Denoising Diffusion Probabilistic Model [8}|32] has proven to be highly suc-
cessful in generating high-quality images, outperforming previous approaches
such as generative adversarial networks (GANs) |7.[43|, variational autoencoders
(VAEs) [13}33], and flow-based methods [16]. With text guidance during train-
ing, users can generate images based on textual input. Noteworthy examples
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include GLIDE [23|, which utilizes textual prompts as conditions and adopts
classifier-free guidance |9]. DALLE-2 |26] leverages the latent space of CLIP |25]
as a condition, and Imagen [29] injects features from a large language model into
cascaded diffusion models. To address the computational burden of the iterative
denoising process, LDM [27] conducts the diffusion process on a compressed la-
tent space rather than the original pixel space, achieving success in reducing
computational requirements. This accomplishment has prompted further explo-
ration in customization [6,28], image guidance [37], and precise control [20444].

2.2 3D Reconstruction and NVS Methods

3D reconstruction and NVS have evolved around balancing rendering fidelity,
efficiency, and scalability. Traditional approaches relied on explicit primitives
or early implicit functions [18,|24], which either suffered from high memory
costs or failed to jointly model geometry and appearance, limiting realism and
scalability. Typical works like KinectFusion [22] realized real-time dense sur-
face mapping but were confined to small-scale scenes. Neural Radiance Fields
(NeRF) |1,|3H5L/19,/21] revolutionized the field by encoding scene geometry and
appearance into a continuous implicit neural network. Despite generating photo-
realistic novel views, NeRF and its variants faced critical bottlenecks in inference
speed and computational efficiency, hindering real-time applications. 3DGS [12]
later emerged as a landmark explicit method that combines the advantages of
implicit neural modeling and traditional point-based representations. It enables
real-time photorealistic rendering but struggles with novel views far from input
perspectives under sparse-view conditions.

2.3 Diffusion Priors for NVS

Diffusion priors have emerged as a transformative force in novel view synthesis,
offering robust solutions to challenges like sparse input views and geometric in-
consistency. A key application lies in enhancing 3D representations with view
consistency. 3DGS-Enhancer [17] integrates 2D video diffusion priors into 3DGS,
reformulating view consistency as temporal coherence in video generation. Simi-
larly, GaussianSR [42] employs 2D diffusion priors via score distillation sampling
to super-resolve low-resolution inputs, addressing redundancy in 3D Gaussian
primitives through timestep range shrinking and primitive pruning. For dynamic
scenes, DiffusionPriors [|34] fine-tunes an RGB-D diffusion model on monocular
video frames, distilling knowledge into 4D neural radiance fields to disentan-
gle motion and structure—even with unknown camera poses. Handling extreme
sparsity, DreamSparse [41] combines a geometry module (capturing 3D spatial
priors) with a spatial guidance model to convert rendered features, guiding 2D
diffusion models toward geometrically consistent novel views. DIFIX3D+ |[35]
trains a single-step diffusion model to enhance and remove artifacts in rendered
novel views caused by suboptimal 3D representation.
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3 Preliminary

3.1 3D Gaussian Splatting

3DGS is an innovative and state-of-the-art approach in the field of 3D recon-
struction and NVS. Distinguished from implicit representation methods such as
NeRF [19], which utilize volume rendering, 3DGS leverages the splatting tech-
nique [39] to generate images, achieving remarkable real-time rendering speed.
Specifically, 3DGS represents the scene through a set of anisotropic Gaussians,
defined with its center position p € R3?, covariance ¥ € R3*3 which can be
decomposed into scaling factor s € R? and rotation factor g € R*, color defined
by spherical harmonic coefficients h € R3*(*+1* (where k represents the order
of spherical harmonics), and opacity o € R. Then, the 3D Gaussian can be
queried as follows:

G(x) = e 30w = 0w, (1)

where x represents the position of the query point. Subsequently, an efficient
3D to 2D Gaussian mapping [47] is employed to project the Gaussian onto the
image plane:

p=PWu, S=JWEW'J', (2)

where f1 and b separately represent the 2D mean position and covariance of the
projected 3D Gaussian. P, W and J denote the projective transformation, view-
ing transformation, and Jacobian of the affine approximation of P, respectively.
The color of the pixel on the image plane, denoted by p = (u, v), uses a typical
neural point-based rendering [14]. Let C € R¥*XWX3 represent the color of the
rendered image, where H and W represent the height and width of the image.
The rendering process is outlined as follows:

i—1

N
Clp] = ZCiJi H(l —0j);
i=1

j=1 (3)

0; = oz e3P T Z7Hp—i),
where N represents the number of Gaussians that overlap the pixel p. ¢; € R3
and a; € R! denote the color calculated from h; and opacity of the i-th Gaussian.
3.2 Diffusion Model
Given an input signal zg, a diffusion forward process in DDPM [3g] is defined as:

po(xi|ri—1) = N(2451/1 = Bro124-1, Be), (4)

for t = 1,...,T, where T is the total timestep of the diffusion process. A noise
depending on the variance (; is gradually added to x;_1 to obtain z; at the next
timestep and finally reach zr € N(0,I). The goal of the diffusion model is to
learn to reverse the diffusion process (denoising). Given a random noise x¢, the
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Fig. 3: Pipeline of DualDiff. DualDiff leverages dual diffusion branches integrated
with a Structure-Appearance Attention (SAA) module to incorporate reference guid-
ance, thereby refining low-quality novel views rendered from defective 3D representa-
tions.

model predicts the added noise at the next timestep x;_; until the origin signal
Zo-
po(we—1lze) = N (2115 po (4, 1), Zp (1, 1)), (5)

fort =T, ...,1. We fix the variance Xy (x, t) and utilize the diffusion model with
parameter 6 to predict the mean of the inverse process pg(z¢,t). The model can
be simplified as denoising models €y(x¢,t), which are trained to predict the noise
of x; with a noise prediction loss:

L =By y.cmnon.elle = col@e t, 7o) [3], (6)

where € is the added noise to the input image x, y is the corresponding textual
description, 1y(-) is a text encoder mapping the string to a sequence of vectors.

4 DualDiff

4.1 Inspiration

The design of DualDiff mainly draws inspiration from two sources. First, we are
inspired by the latest dual diffusion branch design in other image-to-image gener-
ation tasks such as virtual try-on and image animation . For example, virtual
try-on tasks commonly adopt a dual-branch architecture to separately ensure
structural alignment with the model image and appearance alignment with the
garment image, and this design logic closely parallels our novel view refinement
task. The success in these fields demonstrates the unique advantages of dual-
branch architectures in addressing tasks requiring the decoupling of appearance
and structural information. Furthermore, it also validates that diffusion models
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trained on large datasets are naturally effective feature extractors, which can
be fine-tuned to focus on specific types of image characteristics. Second, we are
inspired by analyzing two primary condition injection frameworks in diffusion
models. Methods like ControlNet [44] and T2I-Adapter [20] use feature addi-
tion to merge latent and conditional representations, excelling at pixel-aligned
tasks (e.g., skeleton-guided generation) due to element-wise fusion at consistent
spatial locations. In contrast, methods like IP-Adapter [38| inject conditional
features into attention mechanisms, enabling semantic region focus that suits
appearance-aligned tasks (e.g., style transfer). Leveraging this distinction, we
adopt attention-based injection for appearance-aligned reference views.

4.2 Overview

An overview of the DualDiff pipeline is presented in Fig. 3] which is composed of
a structure branch and an appearance branch. The denoising U-Net in both
branches adopts a structure identical to the single-step diffusion model SD-
Turbo [30] and weights initialized with DIFIX [35|. Following DIFIX, our model
takes rendered novel views as input instead of Gaussian noise and sets a lower
timestep ¢ = 200, corresponding to a lower noise level. This design allows the
refinement process to simulate a one-step denoising procedure under low-noise
conditions. We utilize the same frozen VAE encoder to encode both rendered
novel views and reference views into the latent space, which are then fed into
the U-Net. Only the structure branch is equipped with a VAE decoder to decode
the final refined novel views from the latent space to pixel space. To mitigate
information loss caused by VAE encoding and decoding, we add zero-initialized
skip connections between corresponding layers of the VAE encoder and decoder
in the structure branch, and fine-tune the VAE decoder with LoRA [10].

4.3 Structure-Appearance Attention Module

To incorporate the appearance guidance from reference views into the struc-
ture branch, we replace the self-attention module in the denoising U-Net with
our proposed Structure-Appearance Attention (SAA) module. As illustrated in
Fig. |3} given the hidden states Hap, € R™ ¢ from the self-attention module
of one U-Net block in the appearance branch, and the corresponding hidden
states Hg, € R™*¢ from the structure branch, we concatenate them along the
sequence length dimension to obtain mixed hidden states that fuse structural
and appearance features, denoted as Hyix € R(m+n)xd  GQince our goal is to in-
ject information from the reference view into the novel view, we set the queries
Q € R™*? to be derived from Hg,, while the keys K € R™*T™)*d and values
V e Rm+tn)xd are derived from Hi,ix. This process can be formulated as:

Q = WqHstr>

K= Wkaixa (7)
V= Wvaixv
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where W, W, and W, are learnable projection matrices. The structure-appearance
attention is finally calculated as:

Attn(Q, K, V) = Softmax (Q2T> V. (8)

4.4 Loss Function

Although our pipeline can achieve improvements in a training-free manner when
initialized with the pre-trained weights of DIFIX, it can still benefit from train-
ing. We adopt the same loss function as DIFIX, which consists of an L2 recon-
struction loss between the refined novel views and the ground truth, a perceptual
LPIPS loss for better visual quality, and a Gram-Matrix loss based on features
of VGG-16 [31] that encourages sharper details:

L= ERecon + LLPIPS + /\OLGrama (9)

where )\ is a hyper-parameter set to 0.1 to weight Gram-Matrix loss.

5 DualDiff3D

5.1 Reliability-Enhanced RRO Loop

In scenarios with limited available views, 3DGS often yields degraded recon-
structions due to insufficient scene coverage and high sensitivity to geometric
inconsistencies. To address this, we propose the Render-Refine-Optimize (RRO)
loop, which leverages our DualDiff pipeline to augment 3DGS’s training set with
refined novel views—generated from renderings of the initial low-quality 3DGS
scene representation. The RRO loop consists of three core steps: (1) Render
Step: render batches of novel views from the currently reconstructed 3DGS; (2)
Refine Step: utilize the DualDiff pipeline to refine details and eliminate artifacts
in sampled novel views; (3) Optimize Step: employ the refined novel views to
further optimize the 3DGS model. However, direct incorporation of these refined
images introduces three fundamental challenges: (1) Refined images inevitably
exhibit minor geometric inconsistencies with ground-truth observations, which
can destabilize 3DGS optimization; (2) 3DGS is highly sensitive to such geomet-
ric deviations, particularly when novel views are far from the training distribu-
tion; (3) Novel view selection is non-trivial, as arbitrary sampling may provide
limited information gain while amplifying reconstruction errors. To build a more
reliable and robust RRO loop, we integrate a Progressive Sampling and Filtering
(PSF) strategy and a Confidence-Driven Weighting (CDW) process.

5.2 Progressive Sampling and Filtering Strategy

The PSF strategy progressively expands the training set while preserving geo-
metric consistency. Instead of randomly sampling novel viewpoints, PSF inter-
polates and slightly extrapolates between existing training cameras, introducing



10 Q. Wang et al.

DualDiff3D with Reliability-Enhanced RRO Loop

Refined Novel view Reconstruction B Refined Novel View

Appearance
Q Branch
Given Camera Nl Changia ZA 3 . Structure
Rendered Novel View Branch
e e ———LV ( Sampled with PSF Strategy )
Optimize Render Refine

Fig. 4: Pipeline of DualDiff3D. DualDiff3D integrates a reliability-enhanced RRO
loop to progressively and robustly incorporate the refined novel views, yielding more
accurate 3DGS.

small perturbations to enhance diversity. Each sampled novel view is evaluated
using a composite confidence mask (defined in Sec. at both pixel and image
levels. Only high-confidence views exhibiting strong geometric and appearance
consistency are admitted into the augmented training pool. The renderings of
these sampled novel views, paired with their closest ground-truth observations,
are then fed into the DualDiff pipeline for refinement.

5.3 Confidence-Driven Weighting Process

The CDW process aims to evaluate refined novel views via a composite confidence-
guided mask, ensuring only high-confidence regions are incorporated into the
3DGS training process. The confidence-guided mask M € [0, 1]%*W integrates
three complementary confidence measures:

Refine Variance Confidence. Each novel view is refined K times by DualDiff

refinement model, producing {I (k)

K . . . .
rofine s et~ The per-pixel variance is used to esti-
mate uncertainty:

7 2 (o) = Lp(w)”,

Q
Py
=

Il
~
= 1]

(10)

1 k
Irep (’LL) = ? Ir(ef{ne (u) )
k=1

where u denotes a pixel coordinate. The corresponding confidence is defined as:
Cuar(u) = exp(—a - a*(u)), (11)

where a controls sensitivity to variance.
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Pizel Discrepancy Confidence. Given the original low-quality rendering I}y, the
absolute difference with the refined result provides another confidence cue:

d(u) = [[Irefine(u) — how(u)][1,
Caisr(u) = exp(—f - d(u)),

where [ scales the influence of discrepancies.

(12)

Reprojection Confidence. Using the rendered depth map Dygvel, pixels in the
refined novel views are reprojected into overlapping reference images {I7 ;}. For
each valid projection, the reprojection error is:

1 o :
€proj (U) = F Z ||Ircﬁnc(u) - Ir]eﬁne(/]rj (U, Dnovcl(u)))Hla (13)
u i

where 7;(-) is the projection operator into reference views j, and N, is the
number of valid projections. The confidence is:

Cproj(u) = exp(—7 - eproj(u)), (14)

with v controlling sensitivity.

Training Process. The final composite confidence-guided mask is:

M(U) = Alcvar(u) + )\QCdiff(u) + )\SCproj (u)7

(15)
AL+ Ao+ )\3 =1.

During optimization, the loss for refined views is defined as

Ereﬁne = Z M(u) : ||Ireﬁne (U) - Irend(u) Hl + UM LPIPS(Ireﬁnea [rend>7 (16)

where I enq is the rendered image from the current 3DGS model and 7 balances
pixel-wise and perceptual losses. To ensure more stable training, each training
batch always includes a certain ratio of original training views alongside novel
views. Additional validation-and-rollback mechanism monitors the model’s per-
formance on a held-out validation set, discarding newly added refined views if
the 3D reconstruction quality deteriorates.

6 Experiments

6.1 Implementation Details

DualDiff. DualDiff is trained on 90% of randomly selected scenes from the
DL3DV |15] benchmark dataset. For each scene, we conduct vanilla 3DGS with
3, 6,9, and 24 views, respectively, for 30k iterations. Rendered novel views from
the reconstructions, together with their corresponding ground truths and clos-
est training views, form our training triplets. Specifically, DualDiff / DualDiff-s
denotes weights trained on results from a single view count (24 views), while
DualDiff-m represents weights trained on results from multiple view counts (3,
6,9, and 24 views). We adopt the Adam optimizer with a learning rate of 2x10~5
and a batch size of 8, training for 10k iterations.
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Table 1: Objective refinement results of DualDiff on the DL3DV dataset.

Method  Setting PSNR{ SSIM{ FID| LPIPS| Setting PSNR{ SSIM{ FID| LPIPS|

3DGS 10.70 0.2608  267.77 0.6001 12.72 0.3298 214.26  0.5419

DIFIX . 13.11 0.3338  133.77 0.4966 . 13.99 0.3641  96.87 0.4620
3-View 6-View

DualDiff-m 13.89 0.3793 103.67  0.4407 14.67 0.4150 66.93 0.4020

DualDiff-s 13.49 0.3674 101.80  0.4522 14.48 0.4086 62.41  0.4060

3DGS 14.19 0.3886  192.17 0.4950 19.42 0.6209  98.71 0.3212

DIFIX . 16.02 0.4399 86.55 0.3800 . 19.20 0.5612  46.52 0.2730
9-View 24-View

DualDiff-m 16.76 0.4973 60.72 0.3088 20.27 0.6329  26.62 0.1989

DualDiff-s 16.77 0.5001 58.19  0.3079 20.57 0.6456 24.77 0.1931

DualDiff3D. In the 3DGS reconstruction process, we initialize the model with
a randomly distributed point cloud to ensure a fair comparison. Following the
setup in DIFIX3D, the 3DGS is first trained on sparse input views for 30k it-
erations. After the initial 3DGS reconstruction, we run another 30k iterations
with a refinement step every 2k iterations. For the validation and rollback mech-
anism, we cache the Gaussian scene state at each refinement step. During the
2k iterations of training after caching, we evaluate the model on a held-out vali-
dation set every 500 iterations. If performance fails to improve for 3 consecutive
validations, we roll back to the cached state, discard the newly added refined
views, and resume 3DGS training with only the original real image set until the
next refinement step. In our experiments, we set the number of refinement steps
K =3, and loss weights A\; = 0.2, Ay = 0.3, A3 = 0.5 via grid parameter search.

6.2 Refinement Results

We evaluate the novel view refinement results of DualDiff, guided by reference
views on the remaining 10% of scenes from the DL3DV dataset, as well as the
LLFF dataset, with comparisons against vanilla 3DGS and DIFIX (the refine-
ment model of DIFIX3D+). Consistent with the training dataset construction
process, we conduct tests on the DL3DV dataset by refining novel views rendered
from 3D reconstructions using 3, 6, 9, and 24 sparse input views. As shown in
Tab. [1} DualDiff outperforms both vanilla 3DGS and DIFIX by a large margin
across all experimental settings. DualDiff-m demonstrates superior performance
in few-view test scenarios, as it has encountered more severe rendering degra-
dations in the training phase. Although DualDiff-s is only trained on 24-view
reconstructions, its refinement capability remains effective across various test
settings. The subjective results, as shown in Fig. [I} demonstrate that DualDiff
significantly reduces artifacts, restores finer details, and achieves the best appear-
ance consistency with the reference view. Due to space constraints, additional
results are provided in the supplementary material.

6.3 Reconstruction Results

We compare the 3D reconstruction performance of vanilla 3DGS, DIFIX3D, and
DualDiff3D on both the DL3DV dataset and the LLFF dataset. Tab. 2] summa-
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DIFIX3D DualDiff3D Ground Truth

Fig. 5: Comparison of subjective results of DualDiff3D and baselines on the
DL3DV and LLFF datasets. Regions with significant differences are highlighted by
red boxes for easy comparison.

Table 2: Objective reconstruction results of DualDiff3D on the DL3DV and
LLFF datasets.

Method 3-View 6-View 9-View 24-View
PSNRt SSIMt LPIPS| PSNRf SSIMt LPIPS| PSNRT SSIM{ LPIPS| PSNRt SSIMt LPIPS|
DL3DV
3DGS 10.70  0.2608  0.6001 12.72  0.3298  0.5419 14.19  0.3886  0.4950 1942 0.6209  0.3212

DIFIX3D 11.36 0.3314  0.5759 13.35 0.3892  0.5084 14.96 0.4464  0.4617 20.17  0.6469  0.2971
DualDiff3D  12.56 0.3731 0.5473 14.11 0.4122 0.4837 15.60 0.4697 0.4436 20.49 0.6576 0.2745

LLFF

3DGS 14.11 0.3819  0.4666 18.69 0.5687  0.3237 20.50  0.6508  0.2726 - - -
DIFIX3D 15.21 0.4645  0.4119 19.85 0.6159  0.2821 21.53 0.6807  0.2410 - - -
DualDiff3D  16.34 0.4981 0.3835 20.35 0.6709 0.2611 21.89 0.7106 0.2154 - - -

rizes the objective performance across key metrics, where DualDiff3D achieves
the highest metric values under all view count conditions. This not only validates
the superior reconstruction capability of DualDiff3D but also demonstrates its
strong generalization ability considering it was not trained on the LLFF dataset
for refinement. Fig. | visualizes the 3D reconstruction results of the mentioned
methods. These visual results confirm that DualDiff3D achieves an excellent
balance between photorealism and geometric coherence.

Following the evaluation protocol of GenFusion [36] and GSFixer , we
compare DualDiff3D with more baselines on Mip-NeRF360 (Tab. . Due to
the lack of open-source code for 3DGS-Enhancer, we utilize the values reported
in their paper.
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Table 3: Ablation results for key components of DualDiff3D.

. Components DualDiff DIFIX
Variants
PSF CDW PSNRt SSIMt LPIPS, FID] PSNRt SSIMt LPIPS| FIDJ|
(a) 15.43 0.4649 0.4031 107.50 15.21 0.4645 0.4119 115.23
(b) v 15.71 0.4733 0.3910 105.02 15.44 0.4699 0.4100 111.36
(c) v 16.04  0.4877 0.3881  103.71 15.79  0.4764  0.4012  108.56
(d) v v 16.34 0.4981 0.3835 101.25 15.96 0.4811 0.3903 106.77

Table 4: Comparison with baselines on the Mip-NeRF360 dataset. * denotes
values reported in the original paper.

Method 3-View 6-View 9-View
PSNRt SSIMtT LPIPS) PSNRft SSIMft LPIPS| PSNRft SSIMft LPIPS|

3DGS 13.06 0.251 0.576 14.96 0.355 0.505 16.79 0.447 0.446
FSGS 14.17 0.318 0.578 16.12 0.415 0.517 17.94 0.492 0.468
GenFusion 15.29 0.369 0.585 17.16 0.447 0.500 18.36 0.496 0.465
3DGS-Enhancer™ - - - 13.96 0.260 0.570 16.22 0.399 0.454
DIFIX3D 14.32 0.313 0.571 16.07 0.408 0.459 17.82 0.477 0.418
GSFixer 15.61 0.370 0.559 17.27  0.426 0.478 18.63 0.481 0.420
Ours 15.70 0.373 0.554 17.22 0.439 0.451 18.45 0.486  0.405

6.4 Ablation Study

To validate the contributions of key components in DualDiff3D, we conducted
ablation studies on the LLFF dataset under the 3-view setting, with quantita-
tive results summarized in Tab. [3] Specifically, we ablate three key components
one by one: the refinement model (replacing DualDiff with DIFIX), the Progres-
sive Sampling and Filtering (PSF) strategy, and the Confidence-Driven Weight-
ing (CDW) process. Here, the baseline refers to directly incorporating refined
novel views into 3DGS reconstruction without additional optimization. The full
DualDiff3D model integrates all components and delivers the best performance.
We also ablate K and each CDW term in Tab. |5l K =3 achieves a quality/cost
trade-off, and combining three terms yields the best performance.

6.5 Computational Cost

We report the runtime parameters of three methods in Tab. [6] Despite having a
larger backbone network, DualDiff3D outperforms DIFIX3D in terms of average
single refining runtime. This is primarily because DIFIX3D’s approach of placing
reference views in the batch dimension restricts the refinement of only one input
view at a time, whereas our method employs two separate networks to process
input views and reference views, respectively. With refined times k = 3 for
reconstruction, our final runtime is slightly longer. However, considering the
substantial performance gains and the fact that our method is not designed for
real-time 3DGS reconstruction, we argue that this time overhead is justifiable.
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Table 5: Ablation on K and individual CDW terms.

Variant K Cua Cag Cpoj PSNR{ SSIM{ LPIPS|
w/o CDW 1 19.97  0.6213  0.2704
only Cuar 3V 20.06  0.6225  0.2715
only Caier 3 v 20.11  0.6310  0.2696
only Cpro; 3 v 20.26  0.6612  0.2633
w/ full CDW (Ours) 3 v v v 20.35 0.6709 0.2611
w/ full CDW 2 vV v 20.26  0.6633  0.2626
w/ full CDW 4 vV v 20.37  0.6701  0.2609
w/ full CDW 5 v v v 20.33  0.6689  0.2606

Table 6: Runtime parameters on a single RTX 4090 GPU.

RefineTime Recon. Time RefineVRAM-Avg RefineVRAM-Peak

3DGS - 6min29s - -
DIFIX3D 950ms 8mind2s 6048.2MB 9936.7MB
DualDiff3D 600ms 10min40s 9750.5MB 12574.6MB

7 Conclusion

In this paper, we present DualDiff3D, a framework designed to advance 3D recon-
struction and novel-view synthesis. At the core of our framework lies DualDiff, a
dual-branch diffusion pipeline tailored to eliminate artifacts in novel views ren-
dered from 3DGS. A proposed SAA mechanism connects the structure branch
and appearance branch, enabling image quality improvement in a “free lunch”
manner. DualDiff3D leverages a Render-Refine-Optimize Loop, integrated with
sampling strategy and confidence-guided masks, to progressively and robustly
refine 3DGS. Extensive experiments validate the effectiveness of our approach,
which delivers superior visual quality compared to baselines. We hope that
DualDiff3D offers a more rational solution for diffusion-based NVS and 3D re-
construction, and may inspire more effective designs.
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