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Abstract

Compared with previous 3D reconstruction methods like
Nerf, recent Generalizable 3D Gaussian Splatting (G-3DGS)
methods demonstrate impressive efficiency even in the
sparse-view setting. However, the promising reconstruction
performance of existing G-3DGS methods relies heavily on
accurate multi-view feature matching, which is quite chal-
lenging. Especially for the scenes that have many non-
overlapping areas between various views and contain numer-
ous similar regions, the matching performance of existing
methods is poor and the reconstruction precision is limited.
To address this problem, we develop a strategy that utilizes a
predicted depth confidence map to guide accurate local fea-
ture matching. In addition, we propose to utilize the knowl-
edge of existing monocular depth estimation models as prior
to boost the depth estimation precision in non-overlapping
areas between views. Combining the proposed strategies, we
present a novel G-3DGS method named TranSplat, which ob-
tains the best performance on both the RealEstate10K and
ACID benchmarks while maintaining competitive speed and
presenting strong cross-dataset generalization ability.

Project Page: — https://xingyoujun.github.io/transplat/

Introduction
The task of generalizable sparse-view 3D reconstruction,
which aims to recover 3D structure from a sparse set of im-
ages without scene-specific optimization, is crucial in many
applications like virtual reality (Zou et al. 2024; Li et al.
2023). Significant progress has been achieved using vari-
ous neural scene representations, such as NeRF (Milden-
hall et al. 2021; Wang et al. 2022a) and 3D Gaussian
Splatting (3DGS) (Kerbl et al. 2023; Lu et al. 2024). Un-
like NeRF, which relies on computationally expensive ray-
marching (Xu et al. 2022b; Gao et al. 2024), 3DGS repre-
sents the scene with a set of 3D Gaussians benefiting from
rasterization-based rendering. These characteristics make
3DGS more efficient because it bypasses the dense volu-
metric ray-marching process and enables both efficient and
high-quality 3D reconstruction and novel view synthesis.

*These authors contributed equally.
†Corresponding authors.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

However, traditional 3D reconstruction and novel view
synthesis methods mostly require scene-specific optimiza-
tion (Barron et al. 2021; Pons-Moll et al. 2021), resulting
in increased computational demands and longer processing
times. Recently, there has been growing interest in Gener-
alizable 3D Gaussian Splatting (G-3DGS) for sparse-view
reconstruction. Some methods (Charatan et al. 2024; Chen
et al. 2024) have emerged that are capable of reconstructing
3D scenes in a single forward pass without requiring extra
optimization. These advancements achieve high-quality re-
construction results while reducing computational overhead,
thereby enhancing the efficiency and applicability of 3D re-
construction across various contexts. For example, Pixel-
Splat (Charatan et al. 2024) and MVSplat (Chen et al. 2024)
unproject depth maps from corresponding views to serve as
the centers of 3D Gaussians. However, the performances of
these methods rely on accurate pixel-level matching based
on depth, which is challenging to realize and thus limits the
reconstruction precision of these methods. We observe that
especially in the scenes scenes with occlusions, insufficient
texture, or repetitive patterns, the matching result is quite
unsatisfactory (Yao et al. 2018; Sun et al. 2021; Pautrat et al.
2023; Wang et al. 2022b). Additionally, the reconstruction
of non-overlapping areas between views is also challenging
for existing methods due to the lack of matching pairs.

To address the aforementioned limitations, we propose
TranSplat, a novel framework for generalizable sparse-
view 3D reconstruction. TranSplat recovers 3D structures
from sparse views by projecting each pixel into 3D Gaus-
sian primitives leveraging the predicted depths and features.
To precisely estimate 3D Gaussian centers, we generate
depth estimates using a transformer-based module called the
Depth-aware Deformable Matching Transformer (DDMT).
This module prioritizes depth candidates with high confi-
dence based on an initial depth distribution, which is cal-
culated by the Coarse Matching module through assessing
cross-view feature similarities. Additionally, TranSplat uti-
lizes monocular depth priors and employs the Depth Re-
fine U-Net to further refine the depth distribution. With the
refined depth and image features, our method predicts all
Gaussian parameters in parallel for each pixel. TranSplat is
trained end-to-end using only ground-truth images for su-
pervision.
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Figure 1: Given two-view images, TranSplat achieves higher quality in both novel view synthesis and 3D Gaussian construc-
tion, particularly in challenging areas such as low-texture, repetitive patterns, and non-overlapping regions, compared to MVS-
plat (Chen et al. 2024). Our novel view synthesis results contain fewer artifacts and maintain better geometric consistency.

We evaluate TranSplat on two large-scale benchmarks:
RealEstate10K (Zhou et al. 2018) and ACID (Liu et al.
2021a). Extensive experiments are conducted and demon-
strate that TranSplat achieves the best results in G-3DGS.
Notably, compared to existing counterparts , TranSplat
presents strong cross-dataset generalization ability.

Comprehensively, our main contributions are as follows:
• We propose to utilize the depth confidence map to en-

hance matching between various views and correspond-
ingly significantly improve the reconstruction precision
in regions with insufficient texture or repetitive patterns.

• We propose a strategy that encodes the priors of monoc-
ular depth estimators into the prediction of Gaussian pa-
rameters, ensuring precise 3D Gaussian centers are esti-
mated even in non-overlapping areas.

• The derived method TranSplat achieves the best results
on two large-scale benchmarks and presents strong cross-
dataset generalization ability.

Related Work
Sparse-view Scene Reconstruction
With advancements in 3D scene reconstruction technologies
such as NeRF and 3D Gaussian Splatting (3DGS), there is
growing interest in reconstructing scenes from sparse in-
puts (Fan et al. 2024; Guo et al. 2024; Ni et al. 2024; Yu
et al. 2021). The limited overlap in sparse inputs poses
a significant challenge to scene reconstruction (Shi et al.
2024; Irshad et al. 2023). Existing sparse-view methods are
primarily categorized into two main approaches: per-scene
optimization methods and feed-forward inference methods.
The former typically leverages multi-view geometry con-
straints to jointly optimize rendering results and camera

poses (Niemeyer et al. 2022; Truong et al. 2023; Deng et al.
2022). These methods may also improve novel-view re-
sults by incorporating additional prior knowledge, such as
depths (Chung, Oh, and Lee 2024; Li et al. 2024). How-
ever, per-scene optimization methods require iterative pro-
cesses to achieve the final 3D representation. In contrast,
feed-forward inference methods reconstruct the entire scene
in a single feed-forward pass, eliminating the need for sub-
sequent optimization. These methods benefit from powerful
priors from large datasets, which enables them to generalize
effectively across different datasets.

3DGS for Generalizable Reconstruction
Currently, 3DGS-based generalizable reconstruction meth-
ods are attracting significant interest due to their rapid ren-
dering speed and superior cross-dataset generalization capa-
bilities. For example, PixelSplat (Charatan et al. 2024) em-
ploys a multi-view epipolar transformer to accurately infer
the real scale of scenes, effectively resolving the inherent
scale ambiguity in real-world datasets. It predicts Gaussian
parameters through dense probability distributions, which
facilitates accurate and efficient 3D structure estimation.
MVSplat (Chen et al. 2024) reconstructs 3D scenes by con-
structing a cost volume that enables joint prediction of depth
and Gaussian parameters. The centers of the Gaussians are
determined by unprojecting the depth map into 3D space.
LatentSplat (Wewer et al. 2024) addresses reconstruction
challenges in object-centric scenes with 360° views by in-
troducing variational Gaussians. It uses a lightweight VAE-
GAN decoder to generate RGB images of novel views. De-
spite these advancements, 3DGS-based methods still face
challenges, such as achieving robust reconstructions in ar-
eas with occlusions, lack of texture, or repetitive patterns.
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Figure 2: Framework of TranSplat. Our method takes multi-view images as input and first extracts image features and monoc-
ular depth priors. Specifically, we compute multi-view feature similarities using our proposed Depth-Aware Deformable Match-
ing Transformer module to obtain a geometry-consistent depth distribution. The Depth Refine U-Net is then employed to further
refine the depth prediction. Finally, we predict pixel-wise 3D Gaussian parameters to render novel views.

Multi-view Stereo
Multi-View Stereo (MVS) techniques enable the reconstruc-
tion of 3D structures from 2D images (Collins 1996). Re-
cent learning-based MVS methods (Yao et al. 2018; Gu et al.
2020; Ding et al. 2022; Peng et al. 2022; Xu et al. 2023) uti-
lize 3D cost volumes to predict depth for each view and then
fuse these depth maps to obtain the final point cloud. These
methods typically require dense depth maps for effective
model training. In contrast, our proposed method directly
extracts the 3D representation from sparse views, eliminat-
ing the need for separate depth estimation and point cloud
fusion processes. Notably, our approach requires only RGB
images for supervision, simplifying data acquisition and re-
ducing reliance on costly depth sensors.

Method
We introduce TranSplat, a novel generalizable sparse-view
scene reconstruction network that employs a transformer-
based architecture. The overview of our proposed method is
illustrated in Figure 2. Given K sparse-view images {Ii}Ki=1

(where Ii ∈ RH×W×3) and their corresponding camera pa-
rameters, our objective is to predict a 3D Gaussian repre-
sentation of the scene through a single forward pass. The
Gaussian parameters include position µ, opacity α, covari-
ance Σ, and color c (represented as spherical harmonics).
Using these parameters, we can render any novel views.

Feature Extraction
We employ a standard CNN and Transformer architecture
(Xu et al. 2022a, 2023) to extract multi-view image fea-
tures {Fi}Ki=1 (where Fi ∈ RH

4 ×W
4 ×C), with C denoting

the channel dimension. Notably, we incorporate camera pa-
rameters into each CNN feature using a squeeze-excitation
(SE) layer (Hu, Shen, and Sun 2018) to provide global spa-
tial information. In our self- and cross-attention layers, we
adopt the local window attention mechanism of the Swin
Transformer (Liu et al. 2021b) to enhance information ex-
change between different views. Furthermore, we utilize the
large vision model DepthAnythingV2 (Yang et al. 2024) to
obtain monocular depth priors. We extract the last layer of
the DepthAnythingV2 module as depth features {Di}Ki=1

(where Di ∈ RH
4 ×W

4 ×C), as well as the relative depth out-
puts {di

rel.}Ki=1 (where di
rel. ∈ RH×W ).

Coarse Matching
Following feature extraction, acquiring an initial depth dis-
tribution is essential for generating depth confidence maps.
To simplify the code implementation, the DDMT module
is utilized directly, bypassing the need for deformable sam-
pling and depth-aware matching. This approach is taken be-
cause those models rely on depth information to produce at-
tention maps for depth candidates.

Consider the source view i ∈ K and the target view j ∈
K (where i ̸= j) as an example. We first construct a depth
candidate di

cand. ∈ RH
4 ×W

4 ×D using the plane-sweep stereo
approach (Yao et al. 2018). Then, we sample the j-th view
feature Fij

sample ∈ RH
4 ×W

4 ×D×C as follows:

Fij
sample = Sample(Fj ,Pi,Pj ,di

cand.), (1)

where Sample denotes the sampling operation (Xu et al.
2023), and Pi and Pj ∈ R4×4 represent the camera pro-
jection matrices from the i-th and j-th views to the world
coordinate system. D denotes the depth dimension.
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Figure 3: The details of Deformable Sampling module.
We sample cross-view points using deformable attention,
which enhances the aggregation of local spatial information.

Subsequently, we compute the dot product between
Fi and Fij

sample to obtain the coarse depth di
coarse ∈

RH
4 ×W

4 ×D:
di
coarse =

Fi ⊗ Fij
sample√
C

, (2)

where ⊗ represents the element-wise product, and the re-
sults are summed along the channel dimension. When more
than two views are provided as input, we apply the Coarse
Matching module to the other views and compute the pixel-
wise average across all views to obtain the final coarse depth.

Coarse-to-Fine Matching
Since the Coarse Matching module only performs pixel-
aligned feature matching, it struggles with low-texture areas
and repetitive patterns. To address this issue, we designed
the Deformable Sampling (DS) module (in Figure 3), which
aggregates the spatial information of local features. Further-
more, we observed that the Coarse Matching module equally
prioritizes all depth candidates. To overcome this limitation,
we propose the Depth-aware Matching Transformer (DMT)
module (in Figure 4) to guide our network to focus on the
correct depth candidates.

Similar to Section , we first consider the source view i
and the target view j. To construct the depth-aware feature
(d.a. feature) Fi

d.a ∈ RH
4 ×W

4 ×C , we fuse the coarse depth
map di

coarse, depth feature Di, and camera parameters Pi

through the depth-aware network:

Fi
d.a = fθ(d

i
coarse) + fϕ(D

i,Pi), (3)

where fθ represents a Multi-Layer Perceptron (MLP) layer,
and fϕ denotes an SE layer employed to inject position in-
formation into the depth feature.

Next, we apply the Deformable Sampling module to ob-
tain the deformable sampled feature Fij

d.s. ∈ RH
4 ×W

4 ×D×C

of the j-th view:

Fij
d.s. = D.S.(Fj ,Pi,Pj ,di

cand.,∆pi), (4)

where D.S. represents the Deformable Sampling module,
and ∆pi ∈ RH

4 ×W
4 ×D×P represents the image-level sam-

pling offsets, with P as the number of deformable points.
Our proposed Depth-Aware Matching module contains

self- and cross-attention layers to enhance depth prediction.
The coarse depth di

coarse is first input into the self-attention

Ref-view Src-view DA feature

Depth Confidence

Sampled Feature

MLP

Depth-adjust FeatureDepth Initial

Ref-view Feature

Fine Depth

Depth-Aware Matching Module

Figure 4: The illustration of Depth-aware Matching
Transformer. We utilize the depth confidence map to inte-
grate into our Depth-aware Matching Transformer, enabling
the network to prioritize regions with higher depth confi-
dence and improving the overall depth prediction accuracy.
(Here D.A. feature represents depth-aware feature.)

layer to aggregate local depth information. Next, we cal-
culate the depth residual ∆di ∈ RH

4 ×W
4 ×D in the cross-

attention layer:

∆di =
Fi ⊗

∑
P (Wi ⊗ Fij

d.s.)√
C

, (5)

where ⊗ represents the element-wise product, and the re-
sults are summed along the channel dimension. Wi ∈
RH

4 ×W
4 ×D×P represents the depth-aware attention weights.

The sampling offsets and attention weights are predicted
through the offset layer fp and the attention layer fw, re-
spectively:

∆pi = fp(F
i
d.a.), Wi = fw(F

i
d.a.). (6)

The fine depth is then computed as follows:

di
fine = di

coarse +∆di. (7)

Similar to Section , we get the fine depth of K views sep-
arately when there are more than two views as input.

Depth Refine U-Net
Recent methods (Charatan et al. 2024; Chen et al. 2024)
primarily focus on cross-image information to infer depth.
However, as the number of input views decreases, there are
large areas without cross-view matches, resulting in unreli-
able depth outputs for those regions. To optimize the depth
distribution of these non-overlapping areas, we propose pro-
viding strong monocular depth priors.

We designed the Depth Refine U-Net module to combine
the accurate geometric consistency from the matching re-
sults with the reliable relative depth from monocular depth
priors. Inspired by diffusion models (Rombach et al. 2022;
Duan, Guo, and Zhu 2023), our Depth Refine U-Net mod-
ule receives input images and relative depths as conditions
to refine the input depths.

Taking input images {Ii}Ki=1, relative depths {di
rel.}Ki=1,

and fine depths {di
fine}Ki=1 as input, our module outputs per-

view depth residuals:
di
refine = di

fine + fr(d
i
fine, I

i,di
rel.), (8)

where fr denotes our Depth Refine U-Net module and
{di

refine}Ki=1(d
i
refine ∈ RH×W ) represents the final re-

fined depths.
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Gaussian Prediction

In this section, we leverage our depth-aware features to
predict the parameters of a set of 3D Gaussian primitives
{(µi, αi,Σi, ci)}Mi=1 that parameterize the scene. We set
M = H × W × K following (Charatan et al. 2024) as we
predict a Gaussian primitive per pixel from K views.
Gaussian center µ. We utilize the final refined depth
di
refine predictions to directly unproject every pixel to

global 3D points using the camera parameters. These points
are then directly selected as the centers of the 3D Gaussians.
Opacity α. For each pixel, the opacity should be set to 1 if
the depth prediction is accurate, as the points must lie on the
surface. The opacity can be regarded as the confidence of the
depth prediction. Therefore, we can predict opacity using a
simple MLP layer with the refined depth prediction as input.
Covariance Σ and Color c. Similar to other 3D Gaussian
approaches (Kerbl et al. 2023; Chen et al. 2024), we calcu-
late color from the predicted spherical harmonic coefficients
and use a scaling matrix s and a rotation matrix R(θ) to rep-
resent the covariance matrix Σ.

Σ = R(θ)T diag(s)R(θ). (9)

These parameters are predicted using MLP layers.

Experiments
Experimental Setup

Datasets. We train and evaluate our model using the large-
scale RealEstate10K (Zhou et al. 2018) and ACID (Liu
et al. 2021a) datasets. RealEstate10K comprises home walk-
through videos from YouTube, with 67,477 scenes for train-
ing and 7,289 scenes for testing. The ACID dataset, fea-
turing aerial landscape videos, includes 11,075 training
scenes and 1,972 testing scenes. Both datasets provide cam-
era poses computed by SFM software. In line with MVS-
plat (Chen et al. 2024), we train our model using two con-
text views and evaluate all methods from three novel tar-
get viewpoints for each test scene. Additionally, to assess
cross-dataset generalization, we evaluate all methods on the
multi-view DTU dataset (Jensen et al. 2014), selecting 16
validation scenes with four novel views each.
Metrics. To obtain quantitative results, we compare the
novel RGB images produced by each method with ground-
truth frames using the Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM)(Wang et al. 2004), and
Perceptual Distance (LPIPS)(Zhang et al. 2018).
Implementation details. Input images are resized to 256 ×
256, following the method outlined in (Chen et al. 2024). In
all experiments, the number of depth candidates is set to 128.
We sample P = 4 deformable points in the Depth-Aware
Deformable Matching Transformer for the main results. For
the DepthAnythingV2 (Yang et al. 2024) module, we use
the base size to balance training cost and result quality. All
models are trained with a batch size of 14 on 7 RTX 3090
GPUs for 300,000 iterations using the Adam (Kingma 2014)
optimizer. During inference, we measure speed and memory
cost with one RTX 3090 GPU.

Main Results
Novel view synthesis quality. We report quantitative results
in Table 1. Our evaluation compares TranSplat with state-of-
the-art (SOTA) methods on scene-level novel view synthe-
sis from sparse views. TranSplat outperforms the baselines
across all metrics, with competitive inference speed (0.06s
vs. 0.08s). Under identical training conditions, TranSplat not
only exceeds all previous SOTA methods in visual quality,
as indicated by the PSNR and SSIM metrics but also shows
improvements in the LPIPS metric, which better aligns
with human perception. Notably, TranSplat achieves supe-
rior performance compared to other SOTA methods with
only 200K iterations (66% of 300K), demonstrating that our
transformer-based architecture enhances convergence effi-
ciency by focusing on accurate depth candidates.

The qualitative comparisons of the three methods are
visualized in Figure 5. TranSplat achieves superior qual-
ity on novel view images across various scenes. The first
row showcases a scene with a low-texture area, such as
the ”fridge surface,” where our method excels. This im-
provement is due to our Depth-Aware Deformable Matching
Transformer, which aids the network in aggregating long-
term spatial information and concentrating on the correct ar-
eas through attention mechanisms. Our method also demon-
strates superiority in mismatched scenes, such as the ”in-
room area” in the second row and the ”lamp” in the third
row. This enhancement is attributable to our Depth Refine
U-Net, which utilizes monocular depth priors to refine Gaus-
sian predictions in non-overlapping areas. Similar results are
evident in the ACID datasets, as shown in the fourth row.
Reconstruction quality. TranSplat generates impressive 3D
Gaussian primitives compared to the recent state-of-the-art
method MVSplat (Chen et al. 2024), as shown in Figure 6.
Our TranSplat method can produce high-quality depth maps
in challenging scenes, such as those with repetitive patterns
(e.g., ”the walls”). Notably, our method significantly out-
performs in generating 3D Gaussians in non-overlapping ar-
eas (e.g., ”the roof on the right”). These results collectively
demonstrate the superiority of our proposed method.

Cross-dataset Generation
Our proposed TranSplat demonstrates significant superi-
ority in generalizing to out-of-distribution novel scenes,
as illustrated in Table 2. Following the settings of MVS-
plat (Chen et al. 2024), we directly use the model trained
on RealEstate10K (an indoor dataset) to test on ACID (an
outdoor dataset) and DTU (an object-centric dataset). The
results on the ACID dataset are nearly identical, as ACID
consists of aerial landscape scenes that may be reduced to
an image interpolation task. TranSplat outperforms other
state-of-the-art methods on the DTU dataset by a substan-
tial margin across all metrics. Even with only 100K (33% of
300K) iterations of training, our method exhibits excellent
generalization in cross-dataset settings. This superiority is
attributed to our Depth-Aware Deformable Matching Trans-
former, which efficiently adjusts the attention area as the
dataset’s scale changes. Additionally, the monocular depth
prior contributes to more generalized Gaussian parameter
predictions across different multi-view camera distributions.
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Figure 5: The qualitative comparisons with SOTA methods. Our method outperforms other state-of-the-art methods across
various scenes, with the first three rows from RealEstate10K and the last one from ACID. TranSplat excels in challenging
regions thanks to the effectiveness of our transformer-based Depth-Aware Deformable Matching Transformer (DDMT).

Method RealEstate10K ACID Consumption
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ Memory↓ Time↓

pixelSplat( Charatan et al.) 25.89 0.858 0.142 28.14 0.839 0.150 5319 MB 0.1553 s
MVSplat( Chen et al.) 26.39 0.869 0.128 28.25 0.843 0.144 2906 MB 0.0667 s
Ours 200k 26.44 0.871 0.128 28.20 0.843 0.145 2228 MB 0.0851 s
Ours 300k 26.69 0.875 0.125 28.35 0.845 0.143 2228 MB 0.0872 s

Table 1: Quantitative comparisons SOTA methods. Our TranSplat outperforms others on large-scale benchmarks, offering
competitive inference speed and memory efficiency. Remarkably, it achieves the best performance with only 200K iterations
(66% of 300K) in the RealEstate10K dataset, a testament to the effectiveness of our transformer-based architecture.

We present additional results in Figure 7. TranSplat inher-
ently improves rendering quality in novel views, even when
scenes differ significantly in appearance. In contrast, the re-
sults of MVSplat contain artifacts, indicating poor geometric
consistency. Our TranSplat method provides reliable depth
information for mismatched areas, whereas MVSplat tends
to force-fit the depth distribution of the training dataset.

Ablation Study
To evaluate the effect of our different modules, we con-
duct ablation experiments on the RealEstate10K (Zhou et al.
2018) dataset with a batch size of 9, trained for 100K it-
erations. All experiments show that our proposed modules
contribute to performance improvements. Additional hyper-

parameter ablation details are provided in the Supplements.

Importance of Depth-aware Deformable Matching
Transformer. The Depth-Aware Deformable Matching
Transformer (DDMT) is responsible for maintaining multi-
view geometric consistency. The DDMT module requires an
initial depth estimate to generate depth-adjusted features for
efficient matching. We present the results in Table 3. To as-
sess the importance of the DDMT and the influence of differ-
ent initial depths, we conduct ablation experiments with ran-
dom depth estimates (1st row), only coarse matching (2nd
row), and coarse-to-fine strategies (3rd row). We find that
using random depth estimates as the initial input causes the
DDMT module to fail in generating a meaningful depth con-
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Figure 6: The qualitative comparisons on 3D Gaussians.
TranSplat generates significantly higher-quality 3D Gaus-
sians in scenes with repetitive patterns (e.g., walls) and non-
overlapping areas (e.g., the right roof), showcasing the ef-
fectiveness of our proposed modules.

Method Re10k→DTU Re10k→ACID
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

pixelSplat 12.89 0.382 0.560 27.64 0.830 0.160
MVSplat 13.94 0.473 0.385 28.15 0.841 0.147
Ours 100k 14.72 0.517 0.344 27.73 0.834 0.155
Ours 300k 14.93 0.531 0.326 28.17 0.842 0.146

Table 2: Cross-dataset generalization results. We conduct
zero-shot tests on the DTU dataset (Jensen et al. 2014) us-
ing models trained on RealEstate10K (Zhou et al. 2018) and
ACID (Liu et al. 2021a) without any fine-tuning. TranSplat
demonstrates substantial generalization ability, outperform-
ing other state-of-the-art methods on the DTU dataset, even
with only 100K iterations of training.

Ground Truth pixelSplat MVSplat OursInput

Figure 7: The qualitative comparisons of cross-dataset
generalization. Using a model trained on RealEstate10K,
we directly render scenes from the ACID dataset (first row)
and the DTU dataset (last three rows). TranSplat produces
images with notable quality improvements, demonstrating
its ability to adapt to diverse depth distributions and handle
low-texture regions without requiring additional training.

fidence map, resulting in performance similar to that of sim-
ply using the coarse matching module. However, when pro-
viding coarse depth estimates, the DDMT module improves
results, as the model can focus on depth-informative areas.

C.M. DDMT D.R.U. C.P.E. PSNR↑ SSIM↑ LPIPS↓
✓ 25.011 0.841 0.152

✓ 25.020 0.842 0.150
✓ ✓ 25.231 0.846 0.148
✓ ✓ ✓ 25.516 0.853 0.145
✓ ✓ ✓ ✓ 25.615 0.855 0.142

Table 3: Ablation study on the RealEstate10K (Zhou et al.
2018) dataset. C.M. and DDM refer to Coarse Matching
and the Depth-Aware Deformable Matching module, respec-
tively. D.R.U. and C.P.E. stand for Depth Refine U-Net and
Camera Parameter Encoding. The ablation results demon-
strate the effectiveness of our proposed methods, with the
final line representing our complete model.

Importance of Depth Refine U-Net. We use the Depth
Refine module to optimize the depth map by incorpo-
rating monocular depth information from the DepthAny-
thingV2 (Yang et al. 2024). To investigate the necessity of
this module, we perform an ablation study without the Depth
Refine U-Net (4th row in Table 3). We observe performance
improvements with the Depth Refine module, as it provides
reliable depth information for non-overlapping areas.
Importance of Camera Parameter Encoding. We in-
vestigate the significance of Camera Parameter Encoding
(C.P.E.) for feature extraction by performing an ablation
study on its use (5th row in Table 3). The results demonstrate
that C.P.E. is essential for injecting global spatial informa-
tion into feature maps, leading to improved performance.
Ablation of multi-view number. As discussed in Section
, our proposed TranSplat is designed to process multi-view
images. Our method benefits from additional input views, as
more matchable areas are provided. We test our multi-view
capability directly on the DTU dataset using a model trained
on the RealEstate10K dataset with 2-view inputs. Com-
pared to the 2-view results presented in Table 2, TranSplat
achieves a PSNR of 15.14, an SSIM of 0.561, and an LPIPS
of 0.330 with 3-view inputs, and a PSNR of 15.22, an SSIM
of 0.570, and an LPIPS of 0.340 with 4-view inputs. We ob-
serve that TranSplat’s performance improves as the number
of input views increases, even without additional training.

Conclusion
In this work, we introduce TranSplat, a novel general-
izable sparse-view scene reconstruction network with a
transformer-based architecture. Equipped with multi-view
inputs, our method predicts a set of 3D Gaussian primi-
tives to represent the scene. To address incorrect matches
caused by similar areas, we propose the Depth-Aware De-
formable Matching Transformer, which enhances attention
to accurate depth distribution. To improve 3D Gaussians
in non-overlapping areas, we designed the Depth Refine
module, which optimizes the depth map using monocular
depth priors. Our method achieves the SOTA performance
on two large-scale scene-level reconstruction benchmarks
and demonstrates superior cross-dataset generalization.
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