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Abstract

3D scene reconstruction and novel view synthesis
are core tasks in computer vision and graphics. 3D
Gaussian Splatting (3DGS) has advanced these tasks,
but relies on Structure From Motion (SfM) to ob-
tain camera poses, limiting robustness in texture-sparse
scenes and efficiency. In this paper, we propose a
pose-free 3DGS-based reconstruction algorithm for or-
dered frame sequences, and extend it to unordered se-
quences. For ordered sequences, we design a progressive
training framework that iteratively alternates between
camera pose optimization (using a noise-robust feature
loss and pre-trained feature encoder) and 3D Gaussian
model optimization (guided by an effective depth loss
and multi-view consistent depth information). For un-
ordered sequences that have sparse overlapping with ex-
isting views, the proposed algorithm introduces several
innovations building upon the progressive 3DGS train-
ing framework. For camera pose optimization, we in-
troduce a point matching loss. For 3D Gaussian model
optimization, we additionally design a local point cloud
management strategy to promote the reasonable growth
of 3D Gaussian in error reconstruction areas. Exper-
iments on Tanks and Temples, CO3D-V2, and LLFF
datasets show that our methods outperform state-of-the-
art (SOTA) pose-free methods. Our work reduces re-
liance on SfM while enhancing reconstruction quality
and pose estimation accuracy.
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1. Introduction

Image-based 3D reconstruction is a long-standing and
extensively studied problem in the field of computer vision.
It aims to recover the three-dimensional geometric struc-
ture and appearance texture information of target objects
or scenes from a series of two-dimensional images, rep-
resenting the content of objects or scenes through virtual
3D data. 3D reconstruction serves as a technical founda-
tion for many research fields and holds significant impor-
tance for the development of areas such as novel view syn-
thesis, object editing, SLAM, and depth estimation. The
goal of novel view synthesis is to generate high-quality
images from previously unobserved camera perspectives
of objects or scenes, realistically presenting their content
from new viewpoints. Improving the quality of 3D recon-
struction and the effectiveness of novel view synthesis has
long been a key focus in the field of 3D reconstruction.
Traditional 3D reconstruction methods (e.g., SfM, Multi-
View Stereo (MVS)) involve multi-stage operations (fea-
ture detection/matching), leading to low efficiency and sub-
optimal 3D model accuracy.

Mildenhall et al. [16] proposed NeRF, which utilizes
a neural network to implicitly represent the geometric and
color information of a scene. It introduced volume render-
ing technology for rendering and achieved end-to-end train-
ing relying solely on images as supervision. This approach
enables detailed modeling of scenes and the rendering of
high-quality images. Although the NeRF demonstrates out-
standing performance, its training and rendering speeds re-
main relatively slow, making real-time rendering difficult
and, to some extent, limiting its application and practical
deployment. With the emergence of 3DGS [9], the qual-
ity of novel view synthesis and 3D reconstruction has been
further improved, while also reducing training time. 3DGS



employs a set of explicit 3D Gaussians to model the scene.
By optimizing various attributes of these 3D Gaussians and
densifying them, it reconstructs the scene’s geometric struc-
ture and fits its textural information, making real-time ren-
dering coupled with high-quality output possible.

However, 3DGS methods rely on traditional reconstruc-
tion techniques, such as SfM algorithms, to estimate the
camera poses of the input images. The reconstruction and
estimation process of SfM involves multiple stages, includ-
ing feature extraction and feature matching. If the ex-
tracted features are inaccurate, noise can be introduced,
thereby compromising the accuracy of the camera pose es-
timation. Furthermore, SfM performs poorly in scenarios
with weak textures or extensive repetitive textures, lim-
iting its applicable scenarios. The entire process is also
time-consuming. While recent feed-forward transformers
(e.g., VGGT [23]) offer rapid pose initialization, they of-
ten struggle with domain gaps in out-of-distribution scenes
and lack the fine-grained detail recoverability of per-scene
optimization methods. These factors collectively lead to re-
duced robustness and sub-optimal reconstruction quality for
3DGS methods in complex real-world situations, which, to
some extent, hinders the advancement of 3D reconstruction.
Therefore, researching 3D reconstruction without known
camera poses is highly significant, as it can reduce reliance
on algorithms like SfM. Since camera poses are crucial for
3D reconstruction, the task of pose-free 3D reconstruction
is also exceptionally challenging.

To eliminate SfTM dependency and address existing pose-
free 3DGS limitations, we propose a pose-free algorithm for
ordered frame sequences: a progressive framework that it-
eratively optimizes next-frame poses (via pre-trained global
3DGS for geometric guidance and motion-sensitive feature
loss) and 3D Gaussians (guided by multi-view depth align-
ment to reduce artifacts).

We also extend the above progressive algorithm to
real-world unordered sequences (discontinuous trajectories,
large viewpoint jumps) with three adaptations. (1) point
matching loss (LoFTR-based) for pose estimation accuracy,
(2) adaptive depth-aware reconstruction, (3) local point
cloud management (promote Gaussian densification in error
regions, prune redundant Gaussians) to solve sparse initial
point clouds.

In summary, our contributions can be highlighted as fol-
lows: 1) For ordered frame sequences, we design a pro-
gressive training framework that iteratively optimizes cam-
era poses and 3D Gaussian models, reducing SfM reliance
and solving artifacts/background collapse issues. 2) For un-
ordered frame sequences, we extend the progressive frame-
work with three core improvements: LoFTR-based match-
ing loss, scale-invariant depth loss, and local point cloud
management. 3) Experiments on Tanks and Temples [ 1],
CO3D-V2 [19] (ordered) and LLFF [3] (unordered) show

our methods outperform SOTA pose-free baselines (e.g.,
CF-3DGS [7]) in novel view synthesis (e.g., +1.66dB PSNR
on ordered, +5.94dB PSNR on unordered) and camera pose
estimation (e.g., 19.51% lower RP E; on ordered), even ap-
proaching pose-known methods’ performance.

2. Related work

3D Gaussian Splatting (3DGS). 3DGS models radi-
ance fields via 3D Gaussians and uses tile-based rasteriza-
tion for real-time rendering. As an explicit 3D represen-
tation, it initializes from point clouds and optimizes under
supervision with only multi-view images and their camera
poses as input. This enables high-quality novel view syn-
thesis, fast convergence, and real-time high-resolution ren-
dering—though its rendering and reconstruction still have
room for improvement. Specifically, trained 3DGS mod-
els often produce unsatisfactory results when rendering at
resolutions mismatched to training data (e.g., lower resolu-
tions) or from distant camera viewpoints. To address this,
MS3DGS [26] employs multi-scale 3D Gaussians for scene
representation: smaller Gaussians for high-resolution ren-
dering and larger ones for lower-resolution tasks. Other
works focus on reducing 3DGS computational costs by
compressing Gaussian representations (without sacrificing
synthesis quality). For example, C3DGS [12] uses resid-
ual vector quantization (RVQ) [28] to encode Gaussian geo-
metric attributes (3D axis scales and rotation angles), while
Mini-Splatting [6] achieves compression through Gaussian
sampling (avoiding artifacts from pruning). In large-scale
3D reconstruction, Yan et al.’s StreetGaussians [25] uses
two Gaussian models: one for static scene content and a
dynamic one for moving objects. CityGaussian [14], by
contrast, adopts a divide-and-conquer strategy for large-
scale scenes and introduces level-of-detail rendering based
on camera-Gaussian distance.

Pose-Free 3D Reconstruction. Approaches aiming to
bypass SfM generally fall into two categories. NeRF-based
methods (e.g., NeRFmm [20], BARF [13], SC-NeRF [17])
typically treat camera poses as optimizable parameters to be
jointly trained with the radiance field, sometimes incorpo-
rating depth priors (e.g., Nope-NeRF [2]) to enforce geo-
metric consistency. However, these implicit methods often
suffer from slow convergence and geometric ambiguities.
With the advent of 3D Gaussian Splatting, recent works
such as CF-3DGS [7] and InstantSplat [5] have significantly
improved efficiency but still face challenges with unstable
initialization or cumulative errors. Most recently, HT-3DGS
[8] proposed a hierarchical training strategy combined with
Video Frame Interpolation (VFI) to merge multiple local
3DGS models, achieving state-of-the-art results on video
sequences. However, HT-3DGS heavily relies on tempo-
ral continuity for interpolation and model merging, which
restricts its applicability to unordered image collections or
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Figure 1. Overview of Pose-Free 3D Reconstruction Framework for Ordered Frame Sequences. We propose a progressive framework
that iteratively alternates between camera pose estimation (via global 3DGS and noise-robust feature loss) and 3D Gaussian optimization
(guided by multi-view consistent depth). Key modules include pre-trained feature encoder, depth alignment, and Gaussian densification,
enabling reduced reliance on SfM compared to baselines like CF-3DGS.

scenes with large viewpoint changes. Concurrently, Meule-
man et al. [15] proposed an on-the-fly reconstruction frame-
work tailored for large-scale unbounded scenes, utilizing in-
cremental optimization. In a different direction, large-scale
feed-forward models like VGGT [23] leverage massive pre-
training data to directly predict camera poses and geome-
try in a single forward pass. However, these approaches
have distinct focuses: Meuleman et al. target large-scale
traversal rather than object-centric fidelity, while VGGT re-
lies heavily on the domain distribution of training data. In
contrast, our method focuses on test-time optimization for
high-fidelity object reconstruction without requiring mas-
sive pre-training or strictly ordered data streams.

3. Methodology

This paper adopts a progressive training framework for
both ordered and unordered frame sequences, iteratively op-
timizing camera poses and the global 3D Gaussian model.
The core designs differ based on the sequence type to ad-
dress their unique challenges.

3.1. Pose-Free 3D Reconstruction Algorithm for Ordered
Frame Sequences

Progressive Training Framework. The framework ini-
tializes the global 3D Gaussian model using the first frame’s
depth map (predicted by DPT [18]) and color map. Through

the inverse process of perspective projection, pixels are re-
covered into 3D points. The number of points in the point
cloud is equal to the number of pixels in the image, and the
color attributes of the point cloud are initialized with the
corresponding pixel colors. Based on this point cloud, the
3D Gaussian splatting collection is initialized.

Then, as shown in Figure 1, as ordered frames are fed
into the system sequentially, for each subsequent frame
li+1, we propose a (1) Noise-Robust Camera Pose Esti-
mation method to estimate the camera pose of lj+; based
on the pre-optimized global 3D Gaussian Splatting model
(which remains fixed during pose estimation). The relative
camera pose optimization module uses global 3D Gaussians
to render intermediate images and compute RGB/feature
losses. This frame along with its estimated pose are then
added to the training set. Then we propose (2) Multi-View
Consistent Depth-Guided 3D Gaussian Optimization to up-
date the global 3D Gaussian model using all frames in the
training set. This iterative process continues until all frames
have been processed. The 3DGS densification and pruning
module adjusts Gaussian distribution based on multi-view
depth alignment, ensuring the model gradually fits the en-
tire scene.

Noise-Robust Camera Pose Estimation. This algo-
rithm (Figure 2) is used to optimize the relative pose T u j+1
between the frame I; (with known pose) and the frame I+ 1.
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Figure 2. Overview of the Relative Camera Pose Optimization
Module for Ordered Frame Sequences. We use the global 3DGS
of the known frame to obtain the pose and image of the next frame
through coordinate transformation and rendering, and introduce
feature loss and RGB loss to optimize the relative camera pose,
thereby achieving noise-robust pose estimation.

Let P; be the camera pose of l;. With the above annota-
tions, the globally trained 3DGS (which has already mod-
eled the geometric structure of local scene regions) is first
transformed to the camera coordinate system of I; to ob-
tain a local 3DGS of image l; through P;. Then, the lo-
cal 3DGS of I; is transformed to the local coordinate sys-
tem of i+, through the relative pose Tju j+1. At the same
time, the camera pose Pj+; of lj+1 can be computed by
Pi+1 = Tivi+1 Pj. With Pj+1, we project the local
3DGS of lj+; to the image plane to render an image [\i+1.
Finally, we compute losses between fi+1 and the grounding
truth image lj+1, and use the losses to optimize the relative
transformation Tj w j+1.

To prevent noises, two types of losses are introduced for
joint optimization including RGB loss and feature loss, es-
pecially the feature loss.

RGB loss. The RGB loss combines L loss and D-SSIM
loss to align the rendered image with the real image 141,

Ligp =1 L1+ ilpssim; (D

where 1 =0.2.

Feature Loss. A pre-trained VGG16-based feature en-
coder (fine-tuned with Triplet loss [4]) extracts robust fea-
tures from the rendered and real images. The loss is defined
as the cosine similarity between the feature maps, reducing
interference from noise and illumination changes,

12X mm
N i kmjk2 kmjk2 '
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where mj and m; are features from the real and rendered
images, respectively, and N is the number of feature pix-
els. The feature encoder adopts the network architecture

designed in [ 1] for camera pose estimation, specifically us-
ing the pre-trained VGG16 network (without the final clas-
sification layer) as the feature extraction backbone.

The above feature loss is effective in preventing noise
because we re-train the VGG feature encoder using clean
and noisy image pairs using the following way. 1) Dataset
construction: For each frame, we create triplets consisting
of the real image, a noisy version (regional adaptive noise:
Gaussian blur, pixel offset +2, isotropic blur), and a frame
from an adjacent view. 2) Training objective: We use Triplet
loss to minimize the feature distance between the real im-
age and noisy image, while maximizing the distance be-
tween the real image and adjacent-view image (margin =
1). 3) Optimization: The encoder (VGG16 backbone with-
out classifier) is fine-tuned for 50 epochs using Adam [10]
optimizer, ensuring features are invariant to noise but dis-
criminative to view changes.

Finally, as mentioned above, after optimizing Tju j+1,
the pose of lj+1 is computed as,

Piv1 =Tini+1 Pi; 3)

where Pj is the pose of I;.

Multi-View Consistent Depth-Guided 3D Gaussian
Optimization. After adding a new image and estimating its
camera pose, we now re-optimize the 3D Gaussian Splat-
ting (3DGS). Originally, 3DGS is trained solely using RGB
images. In this work, we additionally supervise the training
of 3DGS using depth maps. Specifically, given any image
l;, we first employ an existing depth estimation network to
predict the depth map of that image Dj, where DPT [18] is
adopted for outdoor scenes (with better robustness to large-
scale geometric variations), while ZoeDepth [ 1] is used for
texture-sparse scenes (to mitigate depth ambiguity in low-
texture regions). At the same time, based on the camera
pose of the image, we project the 3DGS onto the image
plane and render a depth map D;.

Naively, the L1 loss of depth can be computed between
Dj and D;. However, the depth maps Dj estimated by the
monocular depth estimation networks lack multi-view con-
sistency, because every depth map is predicted from a sin-
gle image only and the depth maps estimated from different
viewpoints are not necessarily on the same scale. To solve
the problem, we apply a learnable scale S; and offset j to
D;i (The scale S; and offset ; are optimized jointly with
Gaussian parameters (learning rate = 5¢ 4)) to align depth
scales across views) to reduce the impact of noisy depth val-
ues and ensure multi-view consistency. The aligned depth
map D; is computed as:

D; =siDi+ “)

The Lgeptn loss that guides the model optimization is thus
defined as:
Laepn = kDi  D;k (5)
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Figure 3. Overview of Pose-Free 3D Reconstruction Framework for Unordered Frame Sequences. Compared to our ordered-frame
framework, this method adds VGG16-based similar frame selection, LoFTR-based matching loss, and local point cloud management
modules—addressing large inter-frame motion and sparse Gaussian distribution in unordered scenes, and outperforming CF-3DGS in pose
estimation accuracy.

The total loss for 3D Gaussian optimization is,

L= I—rgb + 2|—depth (6)

where 5 =0.05 (it is determined via ablation experiments,
which balances geometric accuracy (reducing artifacts) and
texture fidelity (avoiding over-smoothing).) and Lgp is as
shown in Eq. 1.

3.2. Pose-Free 3D Reconstruction Algorithm for Un-
ordered Frame Sequences

Now we extend our method to unordered frame se-
quences. Unordered frame sequences have arbitrary cam-
era trajectories, leading to large inter-frame motion. We ex-
tend the progressive framework with three key adaptations,
whose overall workflow is detailed in Figure 3.

Similar Frame Selection. For a new frame l¢+1 , the
most similar frame lnear (With known pose) is selected
from the training set using feature similarity (extracted by
VGG16). This reduces the search space for pose optimiza-

tion.

Pose Estimation: Enhanced by Point Matching Loss.
To tackle the challenge of large inter-frame camera motion
in unordered frame sequences, the relative pose Tnear ¥ j+1
between the selected most similar frame |near (With known
and reliable pose from the training set) and the new frame
li+1 (to be pose-estimated) is optimized through a two-
stage strategy that fuses geometric matching information

and photometric consistency, with the specific optimization
logic and loss design as follows,

RGB loss. The RGB loss is same as the ordered frame
sequences algorithm.

Point Matching loss. LoFTR [22] is used to detect corre-
sponding points between the rendered image (from the local
3DGS of Inear) and lj+1. The loss minimizes the Euclidean
distance between matching points,

1<
Limaten = km qik?; (7
i=0

where m; and ; are matching points from the rendered and
real images, respectively.

Two-Stage optimization. Firstly, 0:05L,gp + Lmatch is
used for coarse pose estimation. When Lmatch < 0.001,
switch to Lygp only for fine-tuning.

3DGS Optimization: Scale-Invariant Depth Loss and
Local Point Cloud Management. In unordered frame se-
quences, 3D Gaussian model optimization faces two key
challenges. First, for unordered frames, the scale differ-
ences between the estimated depth maps are even greater
due to large perspective differences. The scale compensa-
tion method in Eq. 4 is no longer applicable in this case.
Second, the initial 3D Gaussians are sparse in new scene
regions. To solve these issues, this paper adopts two strate-
gies for optimization, a scale-invariant depth loss and a local



point cloud management strategy.

Scale-Invariant Depth loss. To handle scale difference
problems in monocular depth estimates, the following log-
space loss is used:

1 X 2
Licpin = 55 logdk logdk +F(Di;Di)  (8)
k=1
log di 9)

1 X
F(D;i;D;) = N log dk

K
where (li\k and dix are the rendered and estimated depths
of the k™" pixel in Dj and D;, respectively, and Eq. 9 is
the mean of logarithmic depth differences across all pixels,
used to offset global scale inconsistencies between rendered
and estimated depths.

Local Point Cloud Management. The Local Point Cloud
Management strategy addresses two issues in unordered se-
quences: (1) Initial point clouds only cover the first frame’s
scene, leaving new regions sparse, and (2) the original
3DGS adaptive density control overlooks error regions and
fails to densify point clouds effectively. The implemen-
tation of the local point cloud management follows three
steps: 1) Generate a 2D rendering error map by comput-
ing pixel-wise differences between the rendered and real
images. 2) Project error regions back to 3D using conical
projection (based on multi-view geometry [27]). 3) Densify
3D Gaussians in error regions (cloning for small Gaussians,
splitting for large Gaussians) and prune low-opacity Gaus-
sians.

4. Experiments
4.1. Experimental Setup

Ordered Datasets. To evaluate the performance of the
proposed pose-free 3D scene reconstruction algorithm for
ordered frame sequences (video frame sequences), com-
prehensive experiments are conducted on two benchmark
datasets: Tanks and Temples [!1] and CO3D-V2 [19],
which are also widely used in state-of-the-art methods like
CF-3DGS [7] for fair comparison. Tanks and Temples:
A publicly available benchmark for image-based 3D recon-
struction, collected in real-world indoor and outdoor en-
vironments. It provides high-resolution video sequences
with diverse scene types. Eight representative scenes are
selected for evaluation, including Church, Barn, Museum,
Family, Horse, Ballroom, Francis, and Ignatius. For each
scene, the image sequence is split into training and test sets:
most scenes follow a ”1-in-7” sampling strategy (every 7th
frame is selected as test data, and the rest as training data),
while the Family scene uses a ”’1-in-2” sampling strategy.
To assess camera pose estimation accuracy, COLMAP [21]
is employed to estimate the camera poses of training im-
ages as ground-truth; the estimated poses and ground-truth

poses are aligned via Procrustes analysis [13, 2] (consis-
tent with CF-3DGS) before error calculation. CO3D-V2: A
large-scale dataset for 3D object reconstruction, consisting
of object-centric videos where cameras rotate 360° around
the target object. This dataset poses greater challenges due
to larger and more complex camera motions compared to
Tanks and Temples. Four object sequences are selected:
415.57112_.110099, 106-12648_23157, 245_26182_52130,
and 34_1403_4393. The train/test split follows the same
sampling strategy as Tanks and Temples. Unlike Tanks and
Temples, CO3D-V2 provides official camera poses, elimi-
nating the need for COLMAP-based pose estimation.

Unordered Datasets. The LLFF Dataset [3] is selected
to evaluate the proposed pose-free 3D reconstruction algo-
rithm for unordered frame sequences. LLFF consists of 8
real-world scenes (Fern, Flower, Fortress, Horns, Leaves,
Orchids, Room, Trex) captured by hand-held cameras, with
non-continuous camera viewpoints (unordered frames) and
varying image counts (20-62 frames per scene). Images of
resolution 1008x756 are used for experiments. For each
scene, 1/8 of the images are selected as test data (every
7th frame by image ID), and the remaining 7/8 as train-
ing data—consistent with the split strategy for ordered se-
quences.Monocular depth maps are estimated using the pre-
trained DPT model [18] (same as CF-3DGS and the or-
dered sequence method). COLMAP [21] is used to generate
ground-truth camera poses for pose evaluation.

Metrics. We conduct evaluations on two key tasks:
novel view synthesis and camera pose estimation. For the
task of camera pose estimation, we report errors associated
with camera rotation and translation. Specifically, we adopt
the evaluation metrics of Absolute Trajectory Error (ATE)
and Relative Pose Error (RPE), following the protocols out-
lined in [ 13, 2]. For novel view synthesis, we utilize a set of
standard evaluation metrics. These include Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM) [24], and Learned Perceptual Image Patch Similar-
ity (LPIPS) [29].

Implementation Details. The ordered reconstruc-
tion algorithm is implemented using PyTorch 1.12 with
CUDA 11.8, and all experiments are conducted on a single
NVIDIA RTX 3090 GPU equipped with 24GB of VRAM.
The Adam optimizer [10] is employed to update the pa-
rameters of 3D Gaussians, relative camera poses, and depth
alignment, with learning rates following the configurations
in the original 3DGS [9] and CF-3DGS [7]—specifically,
the 3D Gaussian center is initialized with a learning rate of
1:6 10 “ which decaysto1:6 10 © during training, the
3D Gaussian scale, rotation, and opacity use learning rates
of 5 10 3,1 10 3,and5 10 2 respectively, the relative
camera pose (parameterized as a quaternion plus a transla-
tion vector) has an initial learning rate of 1 10 *# (adjusted
tol 10 3forthe 415.57112_110099 scene in the CO3D-



Table 1.Novel view synthesis results on Tanks and Temples for Ordered Frame Sequences.
NeRFmm BARF SC-NeRF Nope-NeRF CF-3DGS HT-3DGS Ours
PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNBSIM" LPIPS#

Church 21.64 058 054 2317 062 052 2196 060 053 2517 0.73 0.39 30.23 0.93 81134 0.94 0.08 31.09 0.94 0.08
Barn 23.21 061 053 2528 0.64 048 2326 062 051 2635 0.69 044 3123 090 06405 0.97 0.05 34.08 0.96 0.05
Museum 22.37 0.61 053 2358 061 055 2494 069 045 26.77 076 035 2991 091 0.11 BI%H9 0.08 31.620.94 0.08
Family 23.04 058 056 23.04 061 056 2260 063 051 26.01 074 041 31.27 0.94 G471 0.97 0.05 33.18 0.96 0.06
Horse 23.12 0.70 043 24.09 0.72 041 2523 0.76 037 2764 084 0.26 3394 096 8032 098 0.03 34.12 0.97 0.04
Ballroom 20.03 0.48 0.57 20.66 0.50 0.60 22.64 0.61 048 2533 0.72 0.38 3247 096 0.07 @922 0.04 34.41 0.97 0.03
Francis 2540 0.69 052 2585 069 057 2646 0.73 049 2948 0.80 0.38 3272 091 ®I@ 093 0.13 33.08 093 0.13
Ignatius 21.16 045 0.60 21.78 0.47 060 23.00 055 053 2396 0.61 047 2843 090 0.09 ®B®FH4 0.06 31.940.94 0.06

mean 2250 059 054 2342 061 054 2376 065 048 26.34 0.74 039 3128 0.93 &MWB 096 0.07 3294 0.95 0.07

scenes

Table 2.Novel view synthesis results on CO3D-V2 for Ordered Frame Sequences.

Method Time 41557112110099 1061264823157 2452618252130 3414034393

PSNR' SSIM® LPIPS# PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
Nope-NeRF 30h 24.78 0.64 0.55 20.41 0.46 0.58 25.05 0.80 0.49 28.62 0.80 0.35
CF-3DGS 2h 26.21 0.73 0.32 22.14 0.64 0.34 27.24 0.85 0.30 27.75 0.86 0.20
HT-3DGS 4h 27.23 0.78 0.30 23.43 0.73 0.28  28.59 0.87 0.27 32.52 0.93 0.14
Ours 3h 28.58 0.85 0.26 27.05 0.88 0.17  28.20 0.87 0.29 31.43 0.93 0.15

V2 dataset) that decays fo 10 °, and the depth align-  where test-view camera poses are pre-provided, we rst es-
ment parameters (scale and offset) adopt a learning rate ofimate test-view poses for rendering (consistent with CF-
5 10 “. The progressive training framework alternates be- 3DGS [7] and NeRFmm [20]). For each test view, we freeze
tween 3D Gaussian optimization (with 1000 iterations per- the pre-trained 3DGS model (trained on training views) and
formed for each newly added frame) and camera pose esti-optimize its camera pose by minimizing the photometric er-
mation (with 500 iterations conducted per frame), Gaussianror between synthesized and real test images. To accelerate
densi cation operations (including clone and split) are ex- convergence, the test-view pose is initialized with the clos-
ecuted synchronously with the addition of new frames, and est camera position from the learned training-view poses,
opacity reset is applied every 3000 iterations to ensure thefollowed by ne-tuning with photometric loss. This proce-
model can adapt to the newly added scene content, whichdure is applied uniformly to all baselines.

is consistent with the progressive growth strategy of CF-  Quantitative results on Tanks and Temples are reported

3DGS. in Table 1. Our method achieves state-of-the-art per-
The unordered implementation builds on the ordered formance among non-VFI based approaches, signi cantly
sequence framework. Adam optimizer [10].€0.9, outperforming NeRF-based baselines (e.g., +6.6 dB over

2=0.999) is used. The learning rate for relative poses (pa-Nope-NeRF [2]) and the 3DGS-based baseline CF-3DGS
rameterized as se(3) Lie algebra) is sebto 10 3 (higher [7](+1.66 dB). Compared to the concurrent work HT-3DGS
than the ordered sequence method to handle larger motion)[3], although it achieves a slightly higher average PSNR
decayed to6 10 “#. The progressive framework alter- (33.53 vs. 32.94 dB) bene ting from intermediate super-
nates between 3D Gaussian optimization (1000 iterationsvision via Video Frame Interpolation (VFI), our method re-
per new frame) and camera pose estimation (500 iterationgnains highly competitive. Notably, we surpass HT-3DGS
per frame). Training time varies by scene: 0.5 hours for in scenes like Museum and Ballroom without the additional
Fern (fewer frames) and 1.6 hours for Horns (more frames). computational overhead of training auxiliary VFI models.
On CO3D-V2 (Table 2), our method maintains supe-
rior performance. Compared to CF-3DGS, we achieve an
In this subsection, we compare our proposed methodaverage +2.98 dB PSNR, +0.11 SSIM, and -0.07 LPIPS.
with ve state-of-the-art pose-unknown 3D reconstruction The 1061264823157 scene sees the most signi cant gains
baselines, including two 3DGS-based method (CF-3DGS(+4.91 dB PSNR, +0.24 SSIM), demonstrating robustness
[7] and HT-3DGS [8]) and four NeRF-based methods to large motion, an advantage over CF-3DGS, which strug-
(Nope-NeRF [2], BARF [13], NeRFmm [20], SC-NeRF gles with extreme camera trajectories due to its simplistic
[17]). Note that HT-3DGS [8] is a concurrent work that local Gaussian transformation. While HT-3DGS performs
utilizes a pre-trained Video Frame Interpolation (VFI) net- well on sequences with smooth motion, our method signif-
work to generate intermediate supervision. All baselines areicantly outperforms it on challenging object-centric scenes
trained with their public code under original settings and with large camera movements, such as $¥312110099
evaluated using the same protocol for fair comparison. (+1.35 dB) and 1068264823157 (+3.62 dB). This high-
Novel View Synthesis. Unlike the standard setting lights that our depth-guided optimization strategy is more

4.2. Comparative Experiments on Ordered Sequences






