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Figure 1. FreeSplatter reconstructs high-fidelity 3D Gaussians and estimates accurate camera poses from uncalibrated sparse-view images
in a feed-forward manner, handling both object-centric (1st row) and scene-level (2nd row) scenarios effectively. It can also seamlessly
process synthetic multi-view images from diffusion models, enabling efficient and high-quality text/image-to-3D content creation.

Abstract

Sparse-view reconstruction models typically require pre-
cise camera poses, yet obtaining these parameters from
sparse-view images remains challenging. We introduce
FreeSplatter, a scalable feed-forward framework that
generates high-quality 3D Gaussians from uncalibrated
sparse-view images while estimating camera parameters
within seconds. Our approach employs a streamlined
transformer architecture where self-attention blocks facil-
itate information exchange among multi-view image to-
kens, decoding them into pixel-aligned 3D Gaussian prim-
itives within a unified reference frame. This representa-
tion enables both high-fidelity 3D modeling and efficient
camera parameter estimation using off-the-shelf solvers.
We develop two specialized variants—for object-centric
and scene-level reconstruction—trained on comprehensive
datasets. Remarkably, FreeSplatter outperforms several
pose-dependent Large Reconstruction Models (LRMs) by a
notable margin while achieving comparable or even bet-
ter pose estimation accuracy compared to state-of-the-art
pose-free reconstruction approach MASt3R in challeng-

ing benchmarks. Beyond technical benchmarks, FreeSplat-
ter streamlines text/image-to-3D content creation pipelines,
eliminating the complexity of camera pose management
while delivering exceptional visual fidelity.

1. Introduction

Recent breakthroughs in neural scene representation and
differentiable rendering, e.g., Neural Radiance Fields
(NeRF)[35] and Gaussian Splatting (GS)[27], have demon-
strated exceptional multi-view reconstruction quality for
densely-captured images with calibrated camera poses
through per-scene optimization. However, these approaches
fail in sparse-view scenarios where traditional camera cal-
ibration techniques like Structure-from-Motion (SfM)[40]
struggle due to insufficient image overlaps. While general-
izable reconstruction models[5, 23, 57] address sparse-view
reconstruction using learned priors in a feed-forward man-
ner, they still require accurate camera parameters, sidestep-
ping a fundamental challenge in real-world applications.
Liberating sparse-view reconstruction from known camera
poses remains a critical frontier.
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Previous pose-free reconstruction efforts include PF-
LRM [49] and LEAP [26], which map multi-view image
tokens to NeRF representations using transformers. Despite
their pioneering contributions, their approaches suffer from
inefficient volume rendering and limited resolution, ham-
pering training efficiency and scalability to complex scenes.
Moreover, inferring camera poses from their implicit repre-
sentations requires additional specialized components, in-
troducing extra complexity. DUSt3R [51] presents an al-
ternative paradigm for joint 3D reconstruction and pose es-
timation through direct point regression, enabling efficient
camera pose recovery with PnP solvers [19, 20] and demon-
strating impressive zero-shot capabilities.

However, point clouds’ inherent sparsity limits their util-
ity for downstream applications like novel view synthe-
sis. In contrast, 3D Gaussian Splats (3DGS) can encode
high-fidelity radiance fields while enabling efficient render-
ing by augmenting point clouds with additional attributes.
This raises the question: can we directly predict “Gaussian
maps” from multi-view images to achieve both high-quality
3D modeling and instant camera pose estimation?

We introduce FreeSplatter, a feed-forward reconstruc-
tion framework that jointly predicts pixel-wise Gaussians
from uncalibrated sparse-view images and estimates their
camera parameters. At its core is a scalable stream-
lined transformer that maps multi-view image tokens into
pixel-aligned Gaussian maps using simple self-attention
layers—requiring no camera poses, intrinsics, or post-
alignment. These Gaussian maps enable both high-fidelity
scene representation and ultra-fast camera parameter esti-
mation using off-the-shelf solvers [19, 20, 36].

Leveraging the training and rendering efficiency of 3D
Gaussians, we extend our approach to complex scene-level
reconstruction by training two variants: FreeSplatter-O for
object-centric reconstruction (trained on Objaverse [9]) and
FreeSplatter-S for scene-level reconstruction (trained on
mixed datasets [37, 61, 62]). Both share a common archi-
tecture with task-specific adjustments. Our extensive ex-
periments demonstrate FreeSplatter’s superiority over ex-
isting methods in both reconstruction quality and pose es-
timation accuracy. Notably, FreeSplatter-O significantly
outperforms several existing pose-dependent large recon-
struction models, while FreeSplatter-S achieves compara-
ble or better pose estimation accuracy than state-of-the-art
MASt3R [28] across challenging benchmarks. We further
demonstrate FreeSplatter’s potential for enhancing 3D con-
tent creation pipelines through integration with multi-view
diffusion models.

2. Related Work

Large Reconstruction Models. Large-scale 3D object
datasets [9, 10] have enabled training of highly general-
izable models for open-category image-to-3D reconstruc-

tion. Large Reconstruction Models (LRMs) [23, 29, 59]
employ scalable feed-forward transformer architectures to
map sparse-view image tokens into 3D triplane NeRF rep-
resentations [4, 35], supervised with multi-view rendering
losses. Recent advances have explored alternative repre-
sentations including meshes [52, 54, 57] and 3D Gaus-
sians [44, 58, 65] for real-time rendering, more efficient net-
work architectures [3, 6, 30, 63, 66], enhanced texture qual-
ity [1, 41, 60], and explicit 3D supervision for improved ge-
ometry [33]. Despite their impressive reconstruction quality
and generalization capabilities, LRMs require posed images
as input and are highly sensitive to pose accuracy, signifi-
cantly limiting their practical application scenarios.

Pose-free Reconstruction. Classical pose-free reconstruc-
tion algorithms like Structure from Motion (SfM) [20, 40,
45] first establish pixel correspondences across multiple
views, then perform 3D point triangulation and bundle
adjustment to jointly optimize 3D coordinates and cam-
era parameters. Recent improvements to SfM leverage
learning-based feature descriptors [11, 14, 38, 50], im-
age matchers [15, 16, 32, 39], and differentiable bundle
adjustment [31, 47, 53]. While effective with sufficient
image overlaps, SfM-based methods struggle with sparse
views where correspondence matching becomes challeng-
ing. Learning-based methods [17, 22, 25, 26] address this
by utilizing learned data priors to recover 3D geometry from
input views. PF-LRM [49] extends the LRM framework by
predicting per-view coarse point clouds for camera pose es-
timation with a differentiable PnP solver [7]. DUSt3R [51]
introduces a novel approach to Multi-view Stereo (MVS)
by framing it as a pointmap-regression problem, with sub-
sequent works enhancing its local representation capabili-
ties [28] and reconstruction efficiency [46].

Generalizable Gaussian Splatting. Compared to the im-
plicit MLP-based representation of NeRF [35], 3D Gaus-
sian Splatting (3DGS) [24, 27] explicitly represents scenes
as point clouds with additional attributes, achieving an bal-
ance between high-fidelity rendering and real-time perfor-
mance. However, traditional 3DGS requires per-scene opti-
mization with densely-captured images and SfM-generated
sparse point clouds for initialization. Recent research [5, 8,
34, 43, 55] has explored feed-forward models for sparse-
view Gaussian reconstruction by leveraging large-scale
datasets and scalable architectures. These approaches typ-
ically assume access to accurate camera poses and em-
ploy 3D-to-2D geometric projection for feature aggrega-
tion, using techniques like epipolar lines [5] or plane-swept
cost volumes [8, 34]. InstantSplat [18] and Splatt3R [42]
leverage DUSt3R/MASt3R’s pose-free reconstruction ca-
pabilities—the former initializes Gaussian positions using
DUSt3R point clouds before optimizing other Gaussian pa-
rameters, while the latter trains a Gaussian head on a frozen
MASt3R model. Despite impressive results, their recon-
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Figure 2. FreeSplatter Pipeline. Given N uncalibrated input views without any known camera extrinsics or intrinsics, we first patchify
each image into tokens and feed these tokens into a sequence of self-attention blocks, enabling information exchange across multiple views.
The resulting tokens are then decoded into N Gaussian maps, which allow us to render novel views and simultaneously recover the camera

focal length f and poses using simple iterative solvers.

struction quality remains heavily dependent on the quality
of the initial point clouds generated by DUSt3R.

3. Method

Given N inputimages {I" | n = 1,..., N} without known
camera parameters, FreeSplatter performs joint scene re-
construction and camera parameter estimation. The pipeline
is formulated as:

G7P1,...,PN,f:FreeSpl{cmtter(Il,...,IN)7 (D

where G = {G™ | n = 1,..., N} represents the unified set
of reconstructed Gaussian maps, P" denotes the estimated
camera pose for I", and f represents the shared focal length
across views (reasonable in most scenarios).

3.1. Preliminary

3D Gaussian Splatting (3DGS) [27] represents a scene as a
set of 3D Gaussian primitives. Each primitive is parameter-
ized by location p;, € R3, rotation quaternion r;, € R?,
scale s, € R3, opacity o, € R, and Spherical Har-
monic (SH) coefficients ¢ € R3%4” for computing view-
dependent color (d denoting the degree of SH). This rep-
resentation parameterizes scene radiance fields through ex-
plicit point clouds, enabling efficient novel view synthesis
via rasterization. Compared to NeRF’s computationally in-
tensive volume rendering, 3DGS achieves comparable vi-
sual quality with significantly reduced computational and
memory requirements.

3.2. Model Architecture

As Figure 2 shows, FreeSplatter adopts a transformer ar-
chitecture inspired by GS-LRM [65]. For input images
{I" | n=1,..., N}, the model patchifies them into tokens
{e"™|n=1,...,Nym=1,...,M} (M denotes patch
number per image), processes them through self-attention

blocks for multi-view information exchange, and decodes
them into N Gaussian maps {G™ | n =1,...,N}. These
maps enable novel view synthesis and camera parameter re-
covery through iterative optimization.

Image Tokenization. The model processes NV input images
{I" e R¥*W>3 | p=1,... N} using ViT-style [12] to-
kenization: images are divided into p x p patches (p = 8),
flattened to p? - 3 dimensional vectors, and projected to d-
dimensional tokens via a linear layer. Each token ™™ is
enhanced with position and view embeddings:

n,m

_ _n,m m n
= =e€ + epos + €liew> (2)

where e[, encodes patch position and ey, distinguishes
reference and source views. Specifically, we take the first
image as the reference view and predict all Gaussian in its
camera frame. We use a reference embedding e™f for the
first view (n = 1) and another source embedding e for
other views (n = 2, ..., N), both of which are learnable.
Feed-forward Transformer. The augmented tokens un-
dergo processing through L self-attention blocks, each
combining self-attention and MLP layers with pre-
normalization and residual connections [21].

Gaussian Map Prediction. Each image token e;;" out-
puted by the last self-attention block is transformed into p?
Gaussians with a linear layer, yielding vectors of dimen-
sion p? - ¢ (¢ being the Gaussian parameter count). These
predictions are reshaped into Gaussian patches G™™ &
RP*P*4 and spatially concatenated to form N Gaussian
maps {G” € REXWxa |y = 1,...,N}.

Each map pixel represents a g-dimensional 3D Gaussian
primitive. Unlike pose-dependent Gaussian LRMs [44, 58,
65] that use single depth values for Gaussian locations, our
pose-free setting precludes depth-based unprojection. In-
stead, we directly predict Gaussian locations in the refer-
ence frame and enforce pixel alignment through a dedicated
loss term to restrict Gaussians to lie on camera rays (de-
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Figure 3. Sparse-view Reconstruction on PF-LRM’s Evaluation Datasets. FreeSplatter-O synthesizes significantly better visual details
than PF-LRM. The 1st row is from the GSO dataset, while the 2nd and 3rd rows are from the OmniObject3D dataset.

tailed in Section 3.3).

Camera Pose Estimation. Camera parameter recovery be-
gins with focal length f estimation from predicted Gaus-
sian maps. Unlike DUSt3R, which requires pairwise image
processing and subsequent global alignment, FreeSplatter
predicts all Gaussian maps in a unified reference frame, en-
abling direct camera pose estimation for all views. Given
the n-th view’s Gaussian location map X" € RH*Wx3
(first 3 channels of G™), corresponding pixel coordinate
map Y € REXWX2 and validity mask M™ € REXW,
we employ PnP-RANSAC [2, 20] to compute the camera
pose P € R4

P" =PnP (X", Y", M", K), 3)

where K = [[f, 0, %], [0, f, %], [0, 0, 1]] represents the es-
timated intrinsic matrix. The mask M ™ identifies valid pix-
els for pose optimization, which is implemented differently
for object-centric and scene-level reconstruction. Please re-
fer to Section 1 of the supplementary material for more im-
plementation details.

3.3. Training Details

FreeSplatter offers two variants optimized for object-centric
and scene-level pose-free reconstruction. While sharing ar-
chitectural elements and parameter scale, these variants em-
ploy distinct training objectives and strategies.

Two-stage Training Strategy. Prior pose-dependent LRMs
leverage pure rendering loss for supervision [23, 29, 58, 65].
However, our model assumes no known camera poses nor
intrinsics and the Gaussian positions are free in 3D space,
making it extremely challenging to predict correct Gaus-
sian positions. Gaussian-based reconstruction approaches
heavily rely on the initialization of Gaussian positions, e.g.,
3DGS [27] initializes the Gaussian positions with the sparse
point cloud generated by SfM, while the parameters of our
model are randomly initialized at the beginning. In practice,
we found it essential to supervise the Gaussian positions at
the beginning:

N
Lo =Y |MroX"-Mrox|, @
n=1

where X" € RF*W >3 represents predicted positions, X
denotes ground truth positions from depth unprojection, and
M" ¢ RHEXW masks valid depth values, which is the
foreground object mask for object-centric reconstruction.
For scene-level reconstruction, M™ depends on where the
depth values are defined in different datasets.

We apply L5 in the pre-training stage, so that the model
learns to predict approximately correct Gaussian positions.
In our experiments, this pre-training is essential to model’s
convergence. However, £,,s can only supervise the pixels
with valid depths, while the Gaussian positions predicted
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Figure 4. Sparse-view Reconstruction on GSO dataset. * indi-
cates that ground truth camera poses are used as input.

at other pixels remain unconstrained. Besides, the ground
truth depths are noisy in some datasets, and applying Lpos
throughout the training leads to degraded rendering quality.
To provide a more stable geometric supervision, we adopt
a pixel-alignment loss to enforce each predicted Gaussian
to be aligned with its corresponding pixel through cosine
similarity maximization:

N H-1W-1 Y
Lot = ZZ 2 ( CAG 7J|> ®
n=1 =0 j=0

where 7', denotes the ray from the camera origin ¢" to
point X . Lalign restricts the predicted Gaussians to be
dlstrlbuted on the camera rays, which enhances rendering
quality and facilitates camera parameter estimation by min-
imizing pixel-projection errors.

Loss Functions. The overall training objective is:

L= ‘Crender + )\a . ACalign + 1t§T )\p . ‘Cposa (6)

where the rendering 10oss Ly ender is @ combination of MSE
and LPIPS loss. t and T},,x denote the current training step
and maximum pre-training step, respectively. In our imple-
mentation, we set A\, = 1.0, A\, = 10.0, T1ax = 10°.

Occlusion in Pixel-aligned Gaussians. Pose-dependent
Gaussian-based LRMs [44, 58, 65] parameterize Gaussian
positions with single depth values to ensure pixel align-
ment. Despite the simplicity, this approach limits recon-
struction to areas directly observed in input views, poten-
tially missing occluded regions in sparse-view scenarios.
Our model addresses this limitation differently for object-
centric and scene-level reconstruction: (i) For object-centric
reconstruction, we apply Laiign (Equation 5) exclusively to
foreground regions, allowing Gaussians outside these ar-
eas to position freely and model occluded regions. (ii) For

GSO OmniObject3D
PSNR 1 SSIM1 LPIPS | PSNRT SSIM1T LPIPS |

Method

Evaluate renderings at G.T. novel-view poses

PF-LRM 25.08 0.877 0.095 21.77 0.866 0.097
FreeSplatter-O  23.54  0.864 0.100 22.83 0.876 0.088

Evaluate renderings at predicted input poses

PF-LRM 27.10  0.905 0.065 25.86  0.901 0.062
FreeSplatter-O  25.50  0.897 0.076 2649  0.926 0.050

Table 1. Sparse-view Reconstruction on PF-LRM’s Eval Data.

Method GSO

RRE| RRA@15° 1 RRA@30° 1 TE|
PF-LRM 3.99 0.956 0.976 0.041
FreeSplatter-O 8.96 0.909 0.936 0.090

OmniObject3D

RRE| RRA@15°1 RRA@30° 1 TE|
PF-LRM 8.013 0.889 0.954 0.089
FreeSplatter-O 3.446 0.982 0.996 0.039

Table 2. Camera Pose Estimation on PF-LRM’s Eval Data.

scene-level reconstruction with real-world imagery, com-
plete pixel alignment is necessary to handle complex back-
grounds. We focus on reconstructing observed areas and
adopt Splatt3R’s [42] target-view masking strategy, com-
puting rendering loss only for visible regions to prevent neg-
ative training guidance from occluded areas.

4. Experiments

We evaluate our method on both sparse-view reconstruc-
tion (Section 4.2) and camera pose estimation (Section 4.3)
tasks, including object-centric and scene-level scenarios.
Please refer to the supplementary material for additional im-
plementation details and experimental results.

4.1. Experimental Settings

Training Datasets. FreeSplatter-O is trained on Ob-
javerse [9], utilizing white-background renders of cen-
tered objects. Each 3D asset is normalized to a [—1,1]?
cube, with 32 randomly sampled views (with diverse
camera intrinsics, i.e., focal lengths) and corresponding
depth maps rendered at 512x512 resolution. FreeSplatter-
S leverages a diverse training set comprising Blended-
MVS [61], ScanNet++[62], and CO3Dv2[37]—a subset of
DUSt3R’s [51] training data encompassing outdoor scenes,
indoor environments, and real-world objects.

Evaluation Datasets. For object-level experiments, we
utilize Google Scanned Objects (GSO)[13] and OmniOb-
ject3D [56] (chosen 300 objects across 30 categories). Each
object is captured through 24 views: 20 random and 4 struc-
tured input views, the latter positioned uniformly at 20° el-
evation for comprehensive coverage. In addition, we also
use the GSO/OmniObject3D evaluation data provided by
PF-LRM for comparison, since we can only access its in-
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Figure 5. Sparse-view Reconstruction on ScanNet++ (top) and CO3Dv2 (bottom). * indicates that ground truth camera poses are used

as input.

ference results. Scene-level performance is assessed on the
test splits of ScanNet++[62] and CO3Dv2 [37].

4.2. Sparse-view Reconstruction

Baselines. Prior pose-free object reconstruction approaches
like LEAP [26] exhibits limited generalization due to its
small-scale training, while PF-LRM [49] is highly rele-

vant and serves as our baseline for both object-level re-
construction and pose estimation tasks. We also evaluate
against two pose-dependent methods LGM [44] and In-
stantMesh [57], which leverage 3D Gaussians and tri-plane
NeRF respectively, using ground truth camera poses. For
scene-level reconstruction, we compare against two state-
of-the-art generalizable Gaussian methods: pixelSplat [5]
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Method GSO OmniObject3D Method (Object) GSO
PSNR 1 SSIM1 LPIPS) PSNR?T SSIM1 LPIPS | RRE] RRA®@15°1 RRA@30°1 TE|
LGM* 24463 0891  0.093  24.852 0942  0.060 FORGE 97.814 0.022 0.083 0.898
InstantMesh* 25421  0.891  0.095  24.077 0945  0.062 MAS®3R 59.633 0.269 0.456 0.353
FreeSplatter-O 30.443 0945  0.055 31.929 0973  0.027 FreeSplatter-O 3.902 0.961 0.977 0.040
Method ScanNet++ CO3Dv2 OmniObject3D
PSNR 1 SSIM1 LPIPS) PSNR?T SSIMT LPIPS | RRE] RRA@15°1 RRA@30°1 TE|
pixelSplat* 24.974 0889  0.180 - - - FORGE 76.822 0.081 0.257 0.430
MVSplat* 22601 0862  0.208 - y - MAS®3R 91.204 0.105 0.212 0.524
Splatt3R 21.013 0830 0209 18.074 0740  0.197 FreeSplatter-O 11.346 0.909 0.935 0.104
FreeSplatter-S  25.807 0.887  0.140 20405 0781  0.162 S
canNet++
- X - - Method (Scene)
Table 3. Sparse-view Reconstruction on Object-centric and RRE| RRA@15° 1 RRA@30°1 TE]
Scene-level Dataset.s. .We did not. test p1>selSplat/MVSplat on RoMa 0.862 0977 0,985 0421
CO3Dv2 due to the significant domain gap. * indicates that ground MASE3R 0.724 0.988 0.993 0.356
truth camera poses are used as input. FreeSplatter-S 0.776 0.991 0.990 0.066
CO3Dv2
and MVSplat [8]. Both methods are fine-tuned on Scan- RRE]/ RRA@15°1 RRA@30°1 TE|
Net++ after pre-training on RealEstate10K [67]. We also PoseDiffusion 7.950 0.803 0.868 0.409
evaluate against Splatt3R [42], a pose-free approach that RayDiffusion 7.028 0.833 0.890 0.482
. . . RoMa 5.377 0.839 0.922 0.335
combines a fro'zen MASBR [28] b.ackbone with a trainable MASGR 2917 0.975 0989 0299
head for Gaussian attribute prediction. FreeSplatter-S 3.048 0.976 0.986 0.190
Metrics. We evaluate the performance of sparse-view re- Rel0K
construction using standard novel view synthesis metrics RRE| RRA@15°1 RRA@30°1 TE|
(PSNR, SSIM, and LPIPS) at 512x512 resolution. PoseDiffusion 14387 0.732 0.780 0.466
mparison with PF-LRM. Due to the lack of code, we RayDiffusion 12.023 0.767 0.814 0439
Compariso W,t . . . ’ RoMa 5.663 0.918 0.947 0.402
benchmark against PF-LRM using their provided evalua- MASER 2341 0.972 0.994 0374
tion datasets and inference results. As Table 1 shows, while FreeSplatter-S 3513 0.982 0.995 0.293

PF-LRM achieves superior metrics on their GSO evaluation
dataset, FreeSplatter-O performs better on their OmniOb-
ject3D evaluation dataset. This disparity can be attributed
to PF-LRM’s GSO evaluation images being rendered un-
der identical conditions (e.g., light intensity, camera distri-
bution) as their training data, whereas OmniObject3D uses
original dataset images, providing a more objective compar-
ison. Qualitative results in Figure 3 demonstrate FreeSplat-
ter’s superior preservation of visual details.

Comparison with Pose-dependent LRMs. On our object-
centric evaluation datasets, FreeSplatter-O significantly out-
performs pose-dependent methods LGM and InstantMesh,
achieving PSNR improvements of > 5 and > 7 on GSO and
OmniObject3D respectively, despite their usage of ground
truth camera poses (Table 3). Qualitative comparisons in
Figure 4 reveal superior detail preservation by our method,
particularly evident in text rendering (4th column), while
competitors exhibit blurring artifacts. Existing works on
LRMs assume the necessity of accurate camera poses for
high-quality 3D reconstruction, incorporating pose infor-
mation through LayerNorm modulation [29] or plucker ray
embeddings [44, 58, 59]. However, FreeSplatter-O’s su-
perior performance suggests that scalable and high-quality
sparse-view reconstruction is feasible without known accu-
rate camera poses in certain cases.

Results on Scene-level Reconstruction. For scene-level
reconstruction, FreeSplatter-S outperforms pose-dependent

Table 4. Camera Pose Estimation on Object-centric and Scene-
level Datasets. To be noted, Re10K is outside the training dataset.

methods (pixelSplat, MV Splat) on most ScanNet++ metrics
(Table 3). While Splatt3R, a pose-free alternative, employs
MASt3R’s [28] frozen architecture for point prediction, its
performance is limited by fixed Gaussian positions. Our
end-to-end training approach enables joint optimization of
Gaussian parameters, resulting in superior visual fidelity on
both ScanNet++ and CO3Dv2 datasets (Figure 5). To be
noted, novel view synthesis for pose-free methods is accom-
plished through camera alignment with target viewpoints.

4.3. Camera Pose Estimation

Baselines. We fisrt evaluate pose estimation performance
against PF-LRM on its evaluation datasets. For all of our
evaluation datasets, we benchmark against MASt3R, the
current state-of-the-art in zero-shot multi-view pose esti-
mation. Additional comparisons include FORGE [25] for
object-centric evaluation, and PoseDiffusion [48], RayD-
iffusion [64], and RoMa [16] for scene-level tasks, with
the former two excluded from ScanNet++ evaluation due
to training scope limitations. Traditional COLMAP-based
methods [40] are omitted due to documented high failure
rates in sparse-view scenarios [49]. We further incorporate
RealEstate 10K [67] (RelOK) test splits to assess general-
ization to challenging scenes.

Metrics. Following established protocols [48, 49], we eval-
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# Layers (L) Patch Size (P) PSNR 1 SSIM 1 LPIPS |
16 16 25.417 0.896 0.088
16 8 28.945 0.934 0.064
24 16 28.622 0.927 0.063
24 8 30.443 0.945 0.055

Table 5. Ablation Study on Model Architecture. The results are
evaluated on the GSO dataset with FreeSplatter-O.

uate pose estimation performance using both rotation and
translation metrics: relative rotation error (RRE) in degrees,
relative rotation accuracy (RRA) at 15° and 30° thresholds,
and translation error (TE) measured as the distance between
predicted and ground truth camera centers. For multi-view
settings, errors are averaged over all possible pairs of cam-
eras. It is important to note that the TE metric is scale-
invariant: we first compute the relative translations between
views for both ground truth and predictions, normalize these
translations by their respective mean ¢5-norm, and then re-
port the mean difference.

Comparison with PF-LRM. Pose estimation results mirror
reconstruction performance trends: PF-LRM excels on their
GSO evaluation set, while FreeSplatter-O demonstrates su-
perior performance on OmniObject3D. As we have an-
alyzed, this disparity likely stems from PF-LRM’s GSO
evaluation images sharing characteristics with their training
data, making OmniObject3D a more objective benchmark.
Comparison on Our Evaluation Datasets. Table 4
demonstrates the significant performance advantage of
FreeSplatter-O over existing baselines on object-centric
datasets. MASt3R’s reduced effectiveness in this con-
text can be attributed to domain gaps between its training
data and background-free rendered images. In scene-level
evaluation, FreeSplatter-S matches or exceeds MASt3R’s
performance, showing superior RRA@15° and TE met-
rics on ScanNet++ and CO3Dv2. Notably, FreeSplatter-
S achieves state-of-the-art performance on the challenging
Rel0K benchmark despite utilizing a smaller training cor-
pus compared to MASt3R.

4.4. Ablation Studies

Model Architecture. We analyze architectural choices us-
ing a base configuration of 24 transformer layers with patch
size 8. Table 5 demonstrates consistent performance im-
provements on GSO with increased layer count and reduced
patch size, attributed to enhanced model capacity and re-
duced information loss, respectively.

View Embedding Addition. We evaluate the impact of
view embedding addition as formulated in Equation 2. Ex-
periments reveal that assigning e™f to the j-th view’s to-
kens and e to remaining views’ tokens enables successful
reference view identification and accurate Gaussian recon-
struction in the corresponding camera frame. Alternative
embedding combinations result in degraded reconstruction
quality (details in Section 2.7 of supplementary material).

GSO ScanNet++

Lalign
PSNR?T SSIM1 LPIPS] PSNR?T SSIM?T LPIPS|
X 26.684 0.898 0.092 21.330 0.832 0.201
v 30.443 0.945 0.055 25.807 0.887 0.140

Table 6. Ablation Study on Pixel-alignment Loss. The results
on GSO and ScanNet++ are evaluated with FreeSplatter-O and
FreeSplatter-S, respectively.

Number of Input Views. We conduct an experiment on
the GSO dataset to illustrate how the number of input views
influences the reconstruction quality. Please refer to Figure
13 of the supplementary material for more details.
Pixel-Alignment Loss. Ablation on the pixel-alignment
loss (Equation 5) demonstrates its crucial role in both object
and scene-level reconstruction. Its removal leads to signifi-
cant degradation across all metrics on GSO and ScanNet++
datasets (Table 6). Figure 12 in the supplementary material
illustrates how this loss term enhances visual fidelity, with
its absence resulting in notable blur artifacts.

4.5. Applications in 3D AIGC

FreeSplatter integrates seamlessly into 3D content cre-
ation pipelines, offering substantial operational advantages
through its pose-free architecture. In contrast, traditional
pipelines [29, 44, 52, 57] require precise alignment be-
tween the camera configurations of multi-view diffusion
models and the parameters of LRMs, which introduces
complexity and potential sources of error. FreeSplatter
removes these constraints, enabling direct processing of
multi-view images without the need for camera pose in-
formation. This streamlined workflow not only reduces
generation time for users but also maintains—or even im-
proves—reconstruction quality. In our supplementary ma-
terial (Section 2.4), we provide comprehensive image-to-
3D generation results across a range of multi-view diffusion
models, demonstrating that FreeSplatter achieves superior
reconstruction performance compared to pose-dependent
LRMs and can accurately recover predefined camera pa-
rameters from diffusion model outputs.

5. Conclusion

FreeSplatter presents a scalable framework for pose-free
sparse-view reconstruction. Leveraging a single-stream
transformer architecture and unified-frame Gaussian map
prediction, the framework delivers both high-fidelity 3D re-
construction and efficient camera pose estimation. Its two
specialized variants, designed for object-centric and scene-
level reconstruction, achieve superior performance in terms
of both reconstruction quality and pose accuracy. Addi-
tionally, FreeSplatter shows significant potential in boost-
ing the productivity of downstream applications such as
text/image-to-3D content creation, freeing users from the
complexities associated with camera pose handling.
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