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Abstract

Recently, generalizable feed-forward methods based on 3D
Gaussian Splatting have gained significant attention for
their potential to reconstruct 3D scenes using finite re-
sources. These approaches create a 3D radiance field, pa-
rameterized by per-pixel 3D Gaussian primitives, from just
a few images in a single forward pass. Unlike multi-view
methods that benefit from cross-view correspondences, 3D
scene reconstruction with a single-view image remains an
underexplored area. In this work, we introduce CATSplat, a
novel generalizable transformer-based framework designed
to break through the inherent constraints in monocular set-
tings. First, we propose leveraging textual guidance from
a visual-language model to complement insufficient infor-
mation from single-view image features. By incorporat-
ing scene-specific contextual details from text embeddings
through cross-attention, we pave the way for context-aware
3D scene reconstruction beyond relying solely on visual
cues. Moreover, we advocate utilizing spatial guidance
from 3D point features toward comprehensive geometric
understanding under monocular settings. With 3D priors,
image features can capture rich structural insights for pre-
dicting 3D Gaussians without multi-view techniques. Ex-
tensive experiments on large-scale datasets demonstrate the
state-of-the-art performance of CATSplat in single-view 3D
scene reconstruction with high-quality novel view synthesis.

1. Introduction
3D scene reconstruction and novel view synthesis are fun-
damental tasks in modern computer vision and graphics,
driving advancements across diverse domains [2, 12, 27,
32], such as virtual reality and autonomous navigation.
Together, they create 3D scene representations using 2D
source images and produce realistic images from unseen
perspectives. Early approaches [5, 8, 33, 37] (e.g., NeRF)
have made impressive progress through differentiable vol-
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Figure 1. Overview of the generalizable 3D scene reconstruction
pipeline. The feed-forward network creates a 3D radiance field us-
ing 3D Gaussians, all within an end-to-end differentiable system.

ume rendering. However, they are still far from real-time
scenarios due to the heavy computational demands. Unlike
previous methods, 3D Gaussian Splatting (3DGS) based ap-
proaches [20, 56, 59] have emerged as leading frontrunners,
achieving high performance with real-time rendering capa-
bilities. They employ 3D Gaussians for explicit scene rep-
resentations via efficient rasterization-based rendering.

Recently, generalizable feed-forward methods [7, 9, 44,
50, 60] based on 3DGS [20] have attracted growing interest
for their ability to reconstruct 3D scenes, even with lim-
ited resources like sparse view images. They create a 3D
radiance field parameterized by per-pixel Gaussian primi-
tives from just a few input images (typically one or two)
in a single forward pass without scene-specific optimiza-
tion, as outlined in Fig. 1. For example, pixelSplat [7] sam-
ples Gaussian centers from probabilistic depth distributions
using a multi-view epipolar geometry, while MVSplat [9]
constructs cost volumes from source images to extract ge-
ometric cues. Both approaches benefit from the cross-view
correspondences between a pair of images to capture use-
ful cues for the Gaussian parameters prediction. In contrast
to multi-view settings, monocular 3D scene reconstruction
still remains challenging due to relatively constrained infor-
mation, relying solely on an image. Although Flash3D [44]
has pioneered a 3DGS-based generalizable single-view 3D
scene reconstruction method with a pre-trained depth esti-
mation network [38], this area has yet to be fully explored.

To tackle the challenges in monocular scenarios, we in-
troduce CATSplat, a carefully designed transformer that
leverages two intelligent guidance to supplement the insuf-
ficient information from single-view image features. Based
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Figure 2. We introduce CATSplat, a Context-Aware Transformer
with Spatial Guidance for Generalizable 3D Gaussian Splatting
from a single image. (a) Our two main priors, and (b) Examples
of text descriptions (from the VLM) representing an input image.

on the traditional generalizable 3DGS paradigm, which pre-
dicts Gaussian primitives from image features, we focus on
enhancing these features with additional insights. First, we
propose using textual guidance as contextual priors. One of
the most promising ways to employ text guidance is through
visual-language models (VLM) [1, 25, 28, 65]. They have
showcased their potential in various vision tasks [18, 21,
22, 66] to provide visual-linguistic knowledge learned from
large-scale multimodal data. Motivated by the success of
VLMs, we utilize their text embeddings representing the in-
put image to guide the network towards context-aware scene
reconstruction, as in Fig. 2 (a). Here, text features usu-
ally capture spatial context (e.g., kitchen), object categories
with their relationships (e.g., a table surrounded by chairs),
as well as overall compositions, as in Fig. 2 (b). These
text-embedded scene semantics not only enrich contextual
understanding but also improve generalizability via shared
semantic representations across similar yet distinct scenes.
For instance, when evaluating on an unseen kitchen scene,
the text embeddings serve as extra anchors, helping the net-
work identify the scene as likely a kitchen. With explicit
textual guidance, our network can better apply the knowl-
edge learned from various kitchen scenes (#1„n), boosting
generalizability beyond solely relying on visual features.

In addition to the contextual guidance, we explore addi-
tional avenues to enhance the image features. In generaliz-
able tasks with sparse images, gaining insights into 3D ge-
ometrics is crucial to reconstruct robust scenes in 3D space.
Typically, multi-view methods [7, 9] operate physical tech-
niques like triangulation to capture rich 3D cues from cross-

view perspectives. However, such techniques are unavail-
able in monocular settings, leading to constrained geometric
details. In this context, we advocate for integrating 3D guid-
ance into 2D features to enrich their spatial understanding.
Instead of merely using a 2D depth map from an off-the-
shelf depth estimation model, as used in previous work [44],
we further leverage its 3D representation as a backprojected
point cloud. Unlike depth maps, which are confined to a 2D
grid, point clouds encode continuous x, y, and z-axis infor-
mation in 3D space, capturing richer geometric structures.
Thus, we utilize point clouds as a source of structural guid-
ance for reliable 3D perception. Specifically, as in Fig. 2 (a),
we extract 3D features from these points and strengthen im-
age features through attention mechanisms. Ultimately, our
image features, influenced by two constructive priors, are
highly informative for 3D Gaussian-based reconstruction.

Given landmark datasets, RealEstate10K (RE10K) [64],
ACID [26], KITTI [15], and NYUv2 [42], we validate the
generalizability and effectiveness of our novel framework.
To summarize, our main contributions are listed as follows:

• We introduce CATSplat, a novel generalizable frame-
work for monocular 3D scene reconstruction. We lever-
age the rich contextual cues of text embeddings from the
VLM as insightful guidance toward context awareness,
complementing limited information from a single image.

• We propose 3D spatial guidance from 3D point features
to enrich geometric details in single-view settings. With
3D priors, image features can capture valuable cues for
predicting 3D Gaussians without multi-view techniques.

• We analyze the effectiveness of our method on challeng-
ing datasets. Extensive quantitative and qualitative exper-
iments demonstrate that ours achieves new state-of-the-
art performance on single-view 3D scene reconstruction.

2. Related Work

Sparse-view 3D Reconstruction. Recent progress in neu-
ral fields [32, 43, 54] and volume rendering [29, 46] has
advanced 3D reconstruction and novel view synthesis, even
with sparse-view images. FreeNeRF [55] regularizes fre-
quency to address few-shot neural rendering, while pixel-
NeRF [57] predicts a neural radiance field in the camera
coordinate using a feed-forward approach from few-view
images. More recently, 3D Gaussian Splatting (3DGS) [20]
has revolutionized the field of 3D reconstruction, achieving
real-time rendering. Inspired by the success of 3DGS, pix-
elSplat [7] has pioneered the feed-forward network, which
reconstructs a 3D radiance field parameterized by 3D Gaus-
sian primitives from a pair of images. Then, diverse multi-
view generalizable 3DGS approaches [9, 50, 60] have since
developed with a similar structure. MVSplat [9] constructs
cost volumes to capture cross-view similarities for accurate
Gaussians, and latentSplat [50] proposes variational Gaus-
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Figure 3. Overview of CATSplat framework. CATSplat takes an image I and predicts 3D Gaussian primitives tpµj ,αj ,Σj , cjqu
J
j to

construct a scene-representative 3D radiance field in a single forward pass. Our primary goal is to go beyond the finite knowledge inherent
in single-view image features leveraging our two innovative priors. Through cross-attention layers, we enhance image features F I

i to be
highly informative by incorporating valuable insights: contextual cues from text features FC

i , and spatial cues from 3D point features FS
i .

sians to encode uncertainty in a latent space. Unlike these
methods, monocular tasks remain more challenging due to
limited details, without benefits of cross-view properties.
Single-view 3D Reconstruction. Early approaches [48, 51]
have proposed practical strategies to overcome the con-
straints of single-view settings. SynSin [51] introduces a
differentiable point renderer that projects a 3D point cloud
from a single image into target views. [48] predicts multi-
plane images (MPI) [64] directly from a single image with-
out correlations between multiple views. In line with recent
trends, single-view 3D reconstruction quality has signifi-
cantly improved, thanks to innovations in NeRF [32] and
3DGS [20]. Built upon NeRF, MINE [23] extends MPI to
a continuous 3D representation, and BTS [52] predicts less
complex continuous density fields from an image. Recently,
Splatter Image [45] involves 3DGS based on an image-to-
image neural network for monocular object reconstruction.
Also, Flash3D [44] predicts pixel-wise Gaussian parame-
ters for scene reconstruction in a single forward pass, using
depth cues from a monocular depth estimation model [38].
Based on the core paradigm of generalizable 3DGS frame-
works, we proposes two beneficial priors to complement in-
sufficient cues from an image, enhancing generalizability.
Vision-Language Models for Vision Tasks. Visual Lan-
guage Models (VLMs) have emerged as powerful tools for
bridging the gap between visual and textual modalities [14,
30], achieving outstanding performance in diverse vision
tasks, such as image captioning [3, 24, 25, 35, 58], image-
text retrieval [19, 31, 41, 63], and visual question answering
(VQA) [17, 34, 40]. These models use large-scale image-
text pair datasets to learn joint representations, encouraging
seamless understanding and integration across modalities.
Early approaches like CLIP [41] and ALIGN [19] leverage
contrastive learning to relate image and text data within a
shared embedding space, enabling effective zero-shot gen-

eralization between them. Recently, the success of Large
Language Models (LLMs) [4, 6, 10, 47] has driven signif-
icant advancements in visual-language processing. For ex-
ample, BLIP-2 [25] and LLaVA [28] achieve strong perfor-
mance in image captioning with context-rich visual descrip-
tions based on LLMs [10, 11, 62]. They aim to connect im-
age features from visual encoders into the language space of
pre-trained LLMs. Motivated by the significance of VLMs,
we employ contextual clues of their text embeddings to pro-
vide additional perspectives and enhance generalizability.

3. Method
In this section, we introduce CATSplat, a novel general-
izable framework for monocular 3D scene reconstruction
with 3D Gaussian Splatting. We first provide an overview
of the whole pipeline (Sec. 3.1 and Fig. 3) and then elabo-
rate on technical details: Context-Aware 3D Reconstruction
(Sec. 3.2) and Spatial Guidance for 3D Insights (Sec. 3.3).

3.1. Overview
Recent generalizable feed-forward frameworks [7, 9, 44,
50, 60] commonly follow a similar paradigm; they con-
struct a 3D radiance field from N sparse-view images IN P

RNˆHˆWˆ3 in a single forward pass with pixel-aligned
J Gaussian primitives tpµj ,αj ,Σj , cjquJj , including posi-
tion µj , opacity αj , covariance Σj , and spherical harmon-
ics coefficients cj . In this paradigm, it is challenging to re-
construct the vivid scene from a single image due to limited
resources, comparing with multi-view configurations. To
overcome this constraint, we propose a carefully designed
transformer that leverages two extra guidance for enhancing
knowledge of single-view image features: (1) Textual Guid-
ance, which provides explicit contextual clues for the scene,
and (2) Spatial Guidance, which enriches three-dimensional
structural information of 2D features, as illustrated in Fig. 3.
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Feed-Forward Network with Transformer. From a single
input image I P RHˆWˆ3, we first predict a depth map D P

RHˆWˆ1
` as potential centers for Gaussians, employing a

pre-trained monocular depth estimation model [38]. Given
I and its estimated depth map D, we channel-wise concate-
nate them as I 1 P RHˆWˆ4, then feed I 1 into a ResNet-
based image encoder [16] to produce hierarchical depth-
conditioned image features F I

i P RHiˆWiˆDI
i . Then, we

utilize a multi-resolution transformer that encourages im-
age features F I

i to effectively represent both global struc-
tures and fine details across various resolutions, improving
the overall understanding of the scene. We specifically use
three layers with three resolution features. Based on trans-
former architecture, we extend the cross-attention mecha-
nism to interact with our two novel priors, as described in
Sec. 3.2 and Sec. 3.3, further enriching the feature repre-
sentation. Through iterative layers, our transformer yields
highly informative image features F̃ I

i P RHiˆWiˆDI
i well-

suited for effective scene reconstruction in 3D space. Fi-
nally, we estimate per-pixel 3D Gaussian parameters from
F̃ I
i using ResNet-based decoders, as detailed in Sec 3.4.

3.2. Context-Aware 3D Reconstruction
In real-world scenarios, diverse objects are usually placed in
inconsistent patterns without following conventional rules.
These variabilities make monocular 3D scene reconstruc-
tion more challenging. To extend the representational capa-
bility of image features, we propose textual information as
a rich source of hidden context, enhancing generalizability.
Incorporation of Textual Cues. Recent advancements in
large-scale visual language models [1, 25, 28, 65] (VLM)
have highlighted the benefits of their general embedded
knowledge, which mirrors the diversity of real-world con-
texts. In this work, we take advantage of language-driven
scene interpretations embedded in the text representations
produced by these models. With a single-view source im-
age I, we prompt the pre-trained VLM [28] to generate a
detailed, one-sentence description of the scene. During this
procedure, we utilize text embeddings FC P RNcˆDC

from
a well-aligned multimodal space before they are processed
into linguistic descriptions. Our main focus is on the con-
textual details from FC , such as object identities, spatial
relationships, and scene semantics, which can potentially
serve as influential biases for enhancing generalizability. To
softly incorporate supplemental cues from FC into image
features F I , we employ iterative cross-attention layers. For
each transformer layer designed to use multi-scale features,
we convert FC into FC

i P RNcˆDC
i to align the dimension

with its corresponding F I
i using a linear layer, as illustrated

in Fig. 4. Given F I
i and FC

i , queries Qi are projected from
F I
i , and keys Ki and values Vi are from FC

i , as follows:

Qi “ Wq ¨ F I
i , Ki “ Wk ¨ FC

i , Vi “ Wv ¨ FC
i (1)
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Figure 4. Detailed transformer pipeline. In the i-th layer, we first
operate cross-attention between F I

i and FC
i , then proceed cross-

attention with FS
i . We also use a ratio γ to preserve visual infor-

mation from F I
i while incorporating extra cues from FC

i and FS
i .

where W denotes the learnable parameters of each projec-
tion layer. Then, we associate them through cross-attention:

F IC
i “ AttnpQi,Ki,Viq “ Softmaxp

Qi ¨ KT
i?

Di

qVi (2)

where F IC
i represents output features containing not only

visual clues from F I
i but also textual clues from FC

i . Fi-
nally, our iterative layers continuously establish valuable
connections between source image features and additional
contextual priors, facilitating more generalizable 3D recon-
struction of real-world scenes under limited resources.

3.3. Spatial Guidance for 3D Insights
In multi-view configurations, each perspective contributes
unique spatial information, boosting the reconstruction of
complex three-dimensional structures. Yet, single-view of-
ten falls short of 3D cues for comprehensive geometric un-
derstanding. To bridge this gap, we introduce efficient spa-
tial guidance based on the 3D representation of a 2D depth
map, which provides a broader geometric context for reli-
able 3D perception independent of stereo vision expertise.
Incorporation of Spatial Cues. Solid geometric aware-
ness is essential for accurately depicting a scene within 3D
space. To capture 3D cues from a single image, traditional
approaches [23, 44, 45] often rely on depth information in
a two-dimensional format. Beyond its conventional use, we
extend the estimated per-pixel 2D depth d P D into a full
3D representation for more direct spatial knowledge. Given
camera parameters K = diagpfx, fy, 1q P R3ˆ3, where f
denotes the focal length, we unproject D into 3D space as
point cloud P P RHˆWˆ3, with each point p P P :

p “ K´1 ¨ u ¨ d “ puxd{fx, uyd{fy, dq (3)

where u “ pux, uy, 1q P I is one of the image pixels. From
this set of points P , we extract point features FS P RNsˆDS
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using a PointNet-based encoder [39] for better spatial rea-
soning. These point embeddings usually encode important
geometric details, from depth relationships to surface orien-
tations, going beyond static depth information. In order to
integrate such valuable clues into image features while over-
coming the domain gap between 2D and 3D representations,
we leverage cross-attention layers. Similar to the approach
for textual cues, we project FS into FS

i P RNsˆDS
i and fur-

ther enrich context-guided image features F IC
i (Eq. 2) from

the previous cross-attention layer with FS
i as follows:

F ICS
i “ AttnpQ1

i,K
1
i,V

1
iq “ Softmaxp

Q1
i ¨ K1

i
T

?
Di

qV1
i (4)

where Q1
i are projected from F IC

i , and K1
i and V1

i are from
FS
i . During the add and normalization process after cross-

attention, as shown in Fig. 4 below, we use the ratio γ to pre-
serve core visual information from the source image while
incorporating practical cues from our two novel priors as:

F̃ ICS
i “ NormpF I

i ` γ DropoutpF ICS
i qq (5)

Then, we refine F̃ ICS
i to F̃ I

i with the self-attention layer,
ensuring seamless knowledge enhancement across the fea-
ture space. Ultimately, the final transformer output features
F̃ I
i are highly informative for robust 3D scene reconstruc-

tion, even with an image. Note that we provide more tech-
nical details and the workflow algorithm in Supp (Sec.2).

3.4. Gaussian Parameters Prediction
With insightful features F̃ I

i , we predict parameters for J
pixel-aligned 3D Gaussians tpµj ,αj ,Σj , cjquJj through
ResNet-based decoders [16] to represent the 3D scene.
Gaussian center µ. For precise scene reconstruction, we
predict depth offsets δ P RHˆWˆ1

` to refine per-pixel depth
d P D and 3D offsets ∆j P R3 for center-wise alignment
following [44, 45]. Then, we unproject the 2D refined depth
d̃ “ d`δ into 3D points using the provided camera parame-
ters K to produce potential centers. Given ∆j and projected
points, the jth Gaussian center µj is set as follows:

µj “ K´1 ¨ u ¨ d̃ ` ∆j (6)

“ puxd̃{fx ` ∆x, uyd̃{fy ` ∆y, d̃ ` ∆zq (7)

where u “ pux, uy, 1q P I is one of the image pixels.
Opacity α, Covariance Σ, and Color c. In line with previ-
ous generalizable feed-forward methods [7, 9] using 3DGS,
we operate convolutional layers to predict each parameter.
We use the sigmoid activation function for the opacity α to
ensure that values are bounded between 0 and 1. Addition-
ally, we estimate a rotation matrix R and a scaling matrix
S to construct the covariance matrix Σ “ RSSTRT . Also,
for the color, we decode spherical harmonics coefficients c.
Loss Function. Finally, we render images Ît from novel
viewpoints based on the reconstructed 3D scene using ras-
terization operation. For training, we calculate the follow-
ing loss Ltotal as the sum of the three losses to optimize the

quality of the rendered images Ît with GT target images It:

Ltotal “ λℓ1Lℓ1 ` λssimLssim ` λlpipsLlpips (8)

where Lssim and Llpips represent Structural Similarity In-
dex (SSIM) and Learned Perceptual Image Patch Similar-
ity (LPIPS) [61] losses, respectively, and each λ is a hyper-
parameter to handle the strength of the respective loss term.

4. Experiments
4.1. Experimental Setup
Datasets. In this study, we train and evaluate the over-
all performance using a large-scale dataset, RealEstate10K
(RE10K) [64], containing home walkthrough videos. We
also use three additional datasets, NYUv2 (indoor) [42],
ACID (nature) [26], and KITTI (driving) [15], for cross-
dataset experiments. Detailed descriptions of datasets and
implementation details are provided in the supplementary.
Evaluation Metrics. We quantitatively evaluate the 3D re-
construction performance using three traditional metrics for
novel view synthesis: PSNR, SSIM [49], and LPIPS [61].
For comparisons with single-view 3D reconstruction meth-
ods, we evaluate three metrics on unseen target frames lo-
cated 5 and 10 frames away from the input source image
as well as a randomly sampled frame within a ±30 frame
range, following the standard evaluation protocol of previ-
ous methods [23, 44]. Also, to further evaluate our method,
we adopt conventional interpolation and extrapolation pro-
tocols from pixelSplat [7] and latentSplat [50], respectively,
following Flash3D [44]. For extrapolation, we sample tar-
get views up to 45 frames before or after the source frame.

4.2. Performance Comparisons with SOTA Models
Comparisons with Single-view Methods. In this section,
we quantitatively compare our proposed framework CAT-
Splat with existing state-of-the-art single-view 3D recon-
struction methods [23, 44, 45, 48, 51, 52]. Despite signifi-
cant advancements through robust radiance field rendering
techniques [20, 32], monocular 3D scene reconstruction has
yet to be fully explored and still faces challenges under re-
source constraints. To address this challenging task, we in-
troduce a carefully designed transformer-based architecture
with two novel priors, enriching image features to predict
precise 3D Gaussians for scene representation. As reported
in Tab. 1, we evaluate novel view synthesis performance on
the RealEstate10K [64] dataset. CATSplat consistently out-
performs previous methods with new state-of-the-art scores
in terms of PSNR, SSIM, and LPIPS across three target
frame at distinct locations. Specifically, CATSplat achieves
high-quality rendering not only for nearby frames, such as
those 5 or 10 frames apart, but also for frames randomly
located at far distances (within a ±30 frame range). These
results demonstrate that our novel priors effectively comple-
ment limited cues from ResNet-based single image features.
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n “ 5 (frames) n “ 10 (frames) n “ Random (frames)

Method PSNR Ò SSIM Ò LPIPS Ó PSNR Ò SSIM Ò LPIPS Ó PSNR Ò SSIM Ò LPIPS Ó

MPI [48] 27.10 0.870 – 24.40 0.812 – 23.52 0.785 –
BTS [52] – – – – – – 24.00 0.755 0.194
Splatter Image [45] 28.15 0.894 0.110 25.34 0.842 0.144 24.15 0.810 0.177
MINE [23] 28.45 0.897 0.111 25.89 0.850 0.150 24.75 0.820 0.179
Flash3D [44] 28.46 0.899 0.100 25.94 0.857 0.133 24.93 0.833 0.160

CATSplat (Ours) 29.09 0.907 0.094 26.44 0.866 0.125 25.45 0.841 0.151

Table 1. Comparisons of Novel View Synthesis (NVS) performance with state-of-the-art single-view 3D reconstruction approaches on the
RealEstate10K [64] dataset. Following the standard protocol from [23, 44], we evaluate NVS metrics on unseen target frames located n
frames away from the input source frame. Also, we randomly sample an extra target frame within 30 frames apart from the source frame.

RE10K Interpolation RE10K Extrapolation

Input Method Framework PSNR Ò SSIM Ò LPIPS Ó PSNR Ò SSIM Ò LPIPS Ó

Two-View

pixelNeRF [57] NeRF 20.51 0.592 0.550 20.05 0.575 0.567
Du et al. [13] NeRF 24.78 0.820 0.213 21.83 0.790 0.242
pixelSplat [7] 3DGS 26.09 0.864 0.136 21.84 0.777 0.216

latentSplat [50] 3DGS 23.93 0.812 0.164 22.62 0.777 0.196
MVSplat [9] 3DGS 26.39 0.869 0.128 23.04 0.813 0.185

Single-View
Flash3D [44] 3DGS 23.87 0.811 0.185 24.10 0.815 0.185

CATSplat (Ours) 3DGS 25.23 0.835 0.159 25.35 0.837 0.159

Table 2. Comparisons of NVS performance with state-of-the-art few-view 3D reconstruction approaches on the RealEstate10K [64]. Al-
though we mainly focus on comparing with the leading single-view method, Flash3D [44], we also provide scores of two-view methods for
additional references. Following Flash3D, we use interpolation and extrapolation protocols from previous works, [7] and [50], respectively.

Interpolation and Extrapolation. In multi-view setups,
novel view synthesis is typically evaluated on target frames
within the range of multiple input images (interpolation)
and outside their range (extrapolation). In Tab. 2, to further
validate our method, we evaluate CATSplat across both con-
ventional settings, as established in Flash3D [44], a promi-
nent single-view 3D scene reconstruction model. While our
primary focus is on comparing with Flash3D, we also pro-
vide scores of multi-view methods [7, 9, 13, 50, 57] for ad-
ditional references. First, CATSplat significantly surpasses
Flash3D in the interpolation setup. Although our results
are somewhat lower than recent two-view methods, which
are robust for intermediate views using cross-view corre-
spondence, ours achieves competitive scores. Moreover, for
the extrapolation setup, CATSplat outperforms Flash3D by
large margins. Notably, these impressive scores even ex-
ceed previous two-view methods despite using only a single
image. In such extrapolation setups, target frames are usu-
ally over 45 frames away from the source image, represent-
ing nearly unseen views. These findings highlight the effec-
tiveness of our novel priors, providing valuable insights for
handling distant target views. Specifically, textual anchors
based on the shared semantic representation of the scenes,
along with deep spatial understanding from point features
encoding continuous x, y, and z-axis knowledge, enhance
generalizability in relatively restrictive monocular settings.
Cross-dataset Generalization. In Tab. 3, we demonstrate
the strong generalizability of CATSplat across three differ-

Cross Dataset Method PSNR Ò SSIM Ò LPIPS Ó

RE10K
Ñ NYUv2

Flash3D [44] 25.09 0.775 0.182
CATSplat (Ours) 25.57 0.781 0.157

RE10K
Ñ ACID

Flash3D [44] 24.28 0.730 0.263
CATSplat (Ours) 24.73 0.739 0.250

RE10K
Ñ KITTI

Flash3D [44] 21.96 0.826 0.132
CATSplat (Ours) 22.43 0.833 0.122

Table 3. Comparisons of cross-dataset generalization with the
state-of-the-art single-view 3DGS method, Flash3D [44], on vari-
ous real-world datasets: NYUv2 [42], ACID [26], and KITTI [15].

ent cross-dataset settings. In each case, we train our model
on RE10K [64] and directly test it on the target datasets in
a zero-shot manner. We first evaluate the generalization on
the NYUv2 [42], which contains indoor scenes similar to
the RE10K. CATSplat adeptly synthesizes images for previ-
ously unseen indoor environments. Then, we focus on out-
door scenarios with more significant domain gaps; specif-
ically, the ACID [26] includes nature landscapes captured
by aerial drones, and KITTI [15] comprises driving scenes
tailored for autonomous driving. Within these challenging
conditions, where filming techniques or object types (e.g.,
cars, buildings) are dissimilar, CATSplat showcases supe-
rior generalizability than the latest method, Flash3D [44].
Through a series of experiments, we confirm the power of
our intelligent priors in improving the informativeness of
single-view image features for dynamic real-world scene re-
construction. We thoroughly analyze this in Supp (Sec.4.1).
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Figure 5. Ablation study to see the effect of iteratively incorporating our novel priors on the RE10K [64] (n=Random). For clear ablations,
we keep the number of entire transformer layers consistent across the experiments and adjust only the number of cross-attentions (CA).

n “ 10 (frames) n “ Random (frames)

Method PSNR Ò SSIM Ò LPIPS Ó PSNR Ò SSIM Ò LPIPS Ó

Baseline 26.04 0.857 0.132 25.02 0.834 0.159
w/ Contextual 26.40 0.864 0.127 25.40 0.838 0.153
w/ Spatial 26.38 0.864 0.127 25.42 0.837 0.153
CATSplat 26.44 0.866 0.125 25.45 0.841 0.151

Table 4. Ablation study to explore the effect of our two intelligent
priors (Contextual and Spatial) across three different settings, as in
Tab. 1, on the RE10K [64] dataset. Here, the “Baseline” indicates
our basic transformer architecture without any proposed priors.

4.3. Ablation Studies
Effect of Contextual and Spatial Priors. In Tab. 4, we
evaluate variants of our method with/ and w/o Contextual
and Spatial priors. Here, the Baseline refers to our basic
multi-resolution transformer architecture, excluding cross-
attention with any of our proposed priors. The addition of
each prior consistently enhances the visual quality of the
rendered images from target novel perspectives. With con-
textual priors, the improvements across all metrics under-
score the significance of incorporating extra context details
for effective scene reconstruction. Also, spatial priors con-
tribute impressive gains within all target settings, providing
a more extensive geometric context for 3D understanding.
Ultimately, combining both valuable priors together leads
to further advancements, achieving the best scores. These
results highlight that each prior plays a meaningful role in
complementing limited details from single-view features.
Iteratively Incorporating Priors. Based on transformer,
our feed-forward network seamlessly integrates two novel
priors through iterative cross-attention layers. In Fig. 5, we
explore the effect of varying the number of cross-attention
iterations using rendered images with corresponding error
maps. Specifically, we keep the total layers of the trans-
former consistent at three and apply cross-attention either in
the first layer only, across two layers, or throughout all three
layers. Across experiments, increasing cross-attention itera-
tions leads to more precise, less blurry image synthesis with
fewer errors. These improvements in visual quality through
iterative incorporation underline the potential of our priors.
Vs. Pre-trained Visual Priors. Our primary goal in in-
corporating our two priors is to utilize comprehensive scene
details that a simple image encoder may fail to capture from
an image. In Tab. 5, we validate the practical benefits of our
two priors by replacing them in the cross-attention layers

n “ 10 (frames) n “ Random (frames)

Method PSNR Ò SSIM Ò LPIPS Ó PSNR Ò SSIM Ò LPIPS Ó

w/ ConvNeXt-B 26.15 0.856 0.132 25.09 0.832 0.158
w/ ConvNeXt-L 26.17 0.857 0.132 25.12 0.833 0.157
w/ DINOv2-B 26.17 0.858 0.131 25.11 0.833 0.157
w/ DINOv2-g 26.19 0.859 0.131 25.17 0.834 0.156

w/ Contextual 26.40 0.864 0.127 25.40 0.838 0.153
w/ Spatial 26.38 0.864 0.127 25.42 0.837 0.153

Table 5. Ablation study to see the effect of our novel priors versus
visual priors from large-scale pre-trained image encoders, such as
DINOv2 [36] and ConvNeXt V2 [53], on the RE10K [64] dataset.

n “ 10 (frames) n “ Random (frames)

Method PSNR Ò SSIM Ò LPIPS Ó PSNR Ò SSIM Ò LPIPS Ó

Baseline 26.04 0.857 0.132 25.02 0.834 0.159
w/ Scene Type 26.14 0.859 0.130 25.13 0.835 0.158
w/ Object List 26.23 0.862 0.128 25.25 0.836 0.155
w/ Extended 26.31 0.862 0.128 25.29 0.837 0.154
w/ Single Sent. 26.40 0.864 0.127 25.40 0.838 0.153

Table 6. Ablation study to see the impact of different text descrip-
tion formats on generalizable tasks. The “Baseline” is as in Tab. 4.

with visual priors from pre-trained image encoders, such as
DINOv2 [36] and ConvNeXt V2 [53], on large-scale image
datasets. The advanced image processing intelligence of
these models, developed from extensive real-world images,
contributes to moderate gains. However, since they mainly
focus on visible aspects of the scene and our model is in-
herently designed to handle image data, injecting additional
visual cues may introduce redundancy rather than meaning-
ful benefits. In contrast, VLM extends beyond pure image
processing by integrating language-driven insights, provid-
ing extra markers for our network to address unseen scenes.
Also, with point features, our network captures more global
geometric properties than the localized features from image
encoders, enabling more accurate 3D Gaussian predictions.
By leveraging both priors, we overcome the straightforward
dependence on visual patterns, achieving notable increases.
Analysis of Context Details. In Tab. 6, we explore how
different context details embedded in text features from pre-
trained VLM [28] influence generalizability. We conduct
experiments with four different prompt styles: identifying
the scene type (e.g., bedroom), listing objects (e.g., lamp,
bed), describing the scene with a detailed single sentence,
and two or more sentences. While scene type or object list
provides certain clues, their impact on performance is rela-
tively modest. In contrast, sentence-level text embeddings
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Figure 6. Qualitative comparisons of NVS performance between Flash3D [44] and ours with Ground Truth on the novel view frames from
RealEstate10K [64] and ACID [26] (cross-dataset). We provide more visual results and details of user study in the supplementary material.

n “ 10 (frames) n “ Random (frames)

Method PSNR Ò SSIM Ò LPIPS Ó PSNR Ò SSIM Ò LPIPS Ó

Baseline 26.04 0.857 0.132 25.02 0.834 0.159
w/o Depth Conc. 25.91 0.855 0.134 24.82 0.827 0.165
w/ Point Conc. 26.06 0.857 0.132 25.04 0.834 0.158
w/ Depth Feat. 26.18 0.859 0.130 25.16 0.835 0.157
w/ Point Feat. 26.38 0.864 0.127 25.42 0.837 0.153

Table 7. Ablation study to explore strategies for enriching geomet-
ric knowledge from a single image. The “Baseline” is as in Tab. 4.

contain more practical context details, such as texture, ob-
ject relations, and overall composition, for enhancing gener-
alizability. But extended versions may introduce overstate-
ments, potentially confusing the network. Thus, we use sin-
gle sentence embeddings that offer proper yet unexagger-
ated details. We further discuss this in Supp (Sec.4.2, 4.3).
Analysis of Geometric Cues. To capture geometric cues
under limited resources, it is crucial to guide the network
with practical spatial information. In Tab. 7, we examine
strategies to enhance geometrical knowledge from a single
image. Our base transformer network, called Baseline, con-
catenates depths with an image to extract depth-conditioned
features. We first evaluate using only the image, excluding
depth concatenation, and observe drops in overall scores.
This highlights the meaningful role of the geometric condi-
tion. Then, we replace the depth concatenation in the Base-
line with unprojected 3D point concatenation. While using
3D points yields slight gains, there is no significant benefit
over depth. Beyond simple concatenation, we employ atten-
tion strategies to integrate geometric cues seamlessly. We fi-
nally observe that cross-attention with point features greatly
contributes to comprehensive 3D understanding. These val-
idate the efficacy of our 3D spatial guidance incorporation.

4.4. Visual Comparisons
Qualitative Analysis. In Fig. 6, we qualitatively compare
rendered images from ours and Flash3D [44], along with
ground truth for solid comparisons. In Scene 1 (chair)
and 2 (sink), ours achieves more precise object placement
with less blurriness compared to Flash3D. Also, in Scene
3 (stair), CATSplat clearly represents a low-texture area,

whereas Flash3D struggles with blotchy artifacts. More-
over, ours outperforms Flash3D in cross-dataset scenarios.
In Scene 4 and 5, ours captures well-defined edges; in Scene
6, ours renders a more detailed image from an aerial view of
the complex cityscape. In addition to comparing rendered
RGBs, we assess the quality of 3D Gaussians with corre-
sponding depth maps (Supp Sec.4.6). These findings con-
firm the significance of our priors for novel view synthesis.
User Study. In Tab. 8, we validate our method through hu-
man evaluation. We randomly selected 60 and 20 scenes
from the RE10K [64] and ACID [26] datasets, and recruited
100 participants via Amazon Mechanical Turk. We present
two types of questions with rendered images: (i) preferring
between ours and Flash3D [44] based on performance, and
(ii) rating the visual quality on a 7-point Likert scale. For
all evaluations, ours strongly outperforms Flash3D by a sig-
nificant margin across both datasets. Also, the narrow con-
fidence interval highlights the consistency of these results.

RE10K [64] ACID [26]

Method Preference (%) Likert Ò Preference (%) Likert Ò

Flash3D [44] 11.58˘1.09 4.56˘0.30 8.59˘0.63 4.14˘0.21
CATSplat (Ours) 88.42˘1.09 6.04˘0.22 91.41˘0.63 5.27˘0.18

Table 8. User study comparisons. We report mean preference per-
centage and a 7-point Likert scale with a 95% confidence interval.

5. Conclusion
We introduce CATSplat, a novel generalizable 3DGS frame
work using a single-view image. Our core objective is to
transcend the constraints of relying on a single image. To
this end, we propose two priors: (i) contextual priors from
VLM text embeddings towards context-aware 3D scene re-
construction, and (ii) spatial priors from 3D point features
for comprehensive geometric understanding. Extensive ex-
periments demonstrate the superiority of CATSplat. While
our method excels in monocular 3D scene reconstruction,
ours might be less effective in occluded or truncated areas.
Besides, our current training relies on the RealEstate10K
dataset; however, with diverse large-scale datasets, CAT-
Splat would be more suitable for real-world applications.
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