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Figure 1. We propose a method that enables fast reconstruction from a single-view image. We build the 3D representation upon a hybrid
Triplane-Gaussian representation by evaluating a transformer-based framework, from which 3D Gaussians would be decoded (Left). Based
on this, we can perform novel view synthesis with high quality and fast rendering speed via Gaussian Splatting (Right).

Abstract

Recent advancements in 3D reconstruction from single
images have been driven by the evolution of generative
models. Prominent among these are methods based on
Score Distillation Sampling (SDS) and the adaptation of dif-
fusion models in the 3D domain. Despite their progress,
these techniques often face limitations due to slow opti-
mization or rendering processes, leading to extensive train-
ing and optimization times. In this paper, we introduce
a novel approach for single-view reconstruction that effi-
ciently generates a 3D model from a single image via feed-
forward inference. Our method utilizes two transformer-
based networks, namely a point decoder and a triplane de-
coder, to reconstruct 3D objects using a hybrid Triplane-
Gaussian intermediate representation. This hybrid repre-
sentation strikes a balance, achieving a faster rendering
speed compared to implicit representations while simulta-
neously delivering superior rendering quality than explicit
representations. The point decoder is designed for gen-
erating point clouds from single images, offering an ex-
plicit representation which is then utilized by the triplane
decoder to query Gaussian features for each point. This

design choice addresses the challenges associated with di-
rectly regressing explicit 3D Gaussian attributes character-
ized by their non-structural nature. Subsequently, the 3D
Gaussians are decoded by an MLP to enable rapid render-
ing through splatting. Both decoders are built upon a scal-
able, transformer-based architecture and have been effi-
ciently trained on large-scale 3D datasets. The evaluations
conducted on both synthetic datasets and real-world images
demonstrate that our method not only achieves higher qual-
ity but also ensures a faster runtime in comparison to previ-
ous state-of-the-art techniques. Please see our project page
at https://zouzx.github.io/TriplaneGaussian/

1. Introduction

Digitizing 3D objects from single 2D images represents a
crucial and longstanding challenge in both computer vision
and graphics, with wide applications in augmented reality
(AR) and virtual reality (VR). However, the inherent am-
biguity and lack of information in single images pose a
substantial challenge in accurately recovering the complete,
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high-quality shape and texture of an object from such a con-
strained perspective.

The recent surge in image generation using diffusion
models [54, 56] enabled approaches to “imagine” im-
ages from novel viewpoints by incorporating pose trans-
formation conditions [36] or novel view rendering feature
maps [5, 82, 83]. Despite these advancements, achieving
consistent novel view synthesis remains challenging due to
the lack of 3D structural constraints. Even with the inte-
gration of multi-view attention or 3D-aware feature atten-
tion for simultaneous multi-view generation [22, 37, 59],
this challenge persists. Furthermore, these methods re-
quire a time-intensive, object-specific optimization process
to distill diffusion priors [7, 33, 40, 50, 60], combined with
monocular cues (depth or normals [14, 38]), into neural 3D
representations [43, 58]. This optimization procedure is of-
ten too slow for practical applications requiring rapid 3D
creation.

Instead of optimizing a 3D representation, alternative ap-
proaches utilize category-specific shape priors to regress 3D
representations (e.g., point clouds [15, 70], voxels [19, 69],
meshes [63, 67], and NeRF [77]) from single images. The
triplane representation stands out for its compactness and
efficient expressiveness, leveraging its implicit nature for
learning 3D structures via volume rendering [43]. Never-
theless, volume rendering’s inherent complexity incurs sig-
nificant runtime and memory costs, hindering training effi-
ciency and real-time rendering. Recently, Gaussian Splat-
ting [28, 71] has advanced by employing anisotropic 3D
Gaussians for high-quality radiance field representation,
improving both novel view synthesis quality and render-
ing speed through adaptive density control and efficient,
differentiable rendering. Yet, the direct learning of 3D
Gaussian representations from images presents a substantial
challenge due to their discrete, non-structural, and higher-
dimensional nature compared to implicit representations
that only require decoding RGB and density. Moreover, the
dimension of Gaussian is higher than that of the point cloud,
and there are few correlations between different parameters
(e.g., position and SH coefficients). This complexity poses
a challenge for the model to learn the intricate relationships
between each parameter in the same latent space. Conse-
quently, developing an effective method to unleash the po-
tential of Gaussian Splatting for generalizable 3D learning
remains a significant area for exploration.

In this work, we introduce TGS, a novel 3D recon-
struction approach from single-view images, combining
the strengths of Triplane and Gaussian Splatting. Our
method employs a hybrid explicit-and-implicit 3D repre-
sentation, facilitating fast and high-quality 3D reconstruc-
tion and novel view synthesis. We diverge from traditional
3D representation methods by proposing a hybrid Triplane-
Gaussian model, which marries an explicit point cloud with

an implicit triplane field. The explicit point cloud out-
lines the object’s rough geometry, while the implicit triplane
field refines the geometry and encodes 3D Gaussian prop-
erties such as opacity and spherical harmonics. This sep-
aration of position (explicit) and Gaussian properties (im-
plicit) significantly enhances the quality of 3D reconstruc-
tion, while preserving the efficiency of Gaussian Splatting.
Our approach consists of two networks for reconstructing
the point cloud and triplane from the input image, employ-
ing a fully transformer-based architecture for both. This
design enables interaction between latent features and in-
put image features through cross-attention, ensuring scala-
bility and supporting large-scale, category-agnostic training
for enhanced real-world object generalizability Moreover,
we augment each 3D Gaussian with local image features by
projecting explicit geometry onto the input image plane.

To the best of our knowledge, this is the first study to
achieve generalizable 3D reconstruction from single-view
images using Gaussian Splatting, opening new possibili-
ties in fast 3D content creation and rendering. Through ex-
tensive experiments on the Google Scanned Object (GSO)
dataset [13], our method exhibits superior performance
over existing baselines in both geometry reconstruction and
novel-view synthesis. Owing to its feed-forward model and
the hybrid representation, our approach achieves object re-
construction in less than a second, significantly faster than
prior methods.

2. Related Works
Single View 3D Reconstruction. 3D reconstruction from
single view image is an ill-posed problem that garnered sub-
stantial attention from many researchers, due to the lack
of geometry cues from single view. Most studies learn
strong 3D priors from 3D synthetic models [6] or real
scans [9]. Previous works have constructed priors based
on collections of 3D primitives using an encoder-decoder
approach [42, 75]. For example, they utilize an image en-
coder to encode visual information into compact latent fea-
tures (e.g., vectors and volumes), and the 3D model can be
decoded from the features for specific representation. How-
ever, these methods often are limited to specific categories
and have poor performance on texture. Recently, trans-
former architecture [61] has shown its capacity and scal-
ability in the field of computer vision [4, 12, 23, 52, 55]
and other areas [3, 11]. GINA-3D [57] and LRM [21] pro-
pose a full transformer-based pipeline to decode a NeRF
representation from triplane features. Some other works
based on LRM architecture are proposed for multi-view im-
age generation [76], sparse-view reconstruction [31], and
pose-free sparse-view reconstruction [64]. MCC [68] also
trains a transformer decoder to predict occupancy and color
from RGB-D inputs. In this work, we adopt the scalable
transformer-based architecture to learn generalizable 3D
representation from a single image.
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Figure 2. The overview of our framework. Given an image with its camera parameters, we first encode them into a set of latent feature
tokens by leveraging a pre-trained ViT model. Our two transformer-based networks, point cloud decoder, and triplane decoder, take initial
positional embedding as input and project image tokens onto latent feature tokens of respective 3D representation via cross-attention.
Subsequently, a point cloud and a triplane can be de-tokenized and upsampled from the output of decoders, respectively. Additionally,
we employ condition-aware projection to enhance both point cloud upsampling and Gaussian features. We also utilize geometry-aware
encoding to project point cloud features into the initial positional embedding of triplane latent, aiming to achieve better alignment between
two representations. Finally, 3D Gaussians are decoded by the point cloud, the triplane features and image features for novel view rendering.

3D Generation conditioned on the image. Contrary to
learning 3D geometry prior and reconstructing an object
from the image in a feed-forward manner, some recent
works [32] treat this task as a conditional generation. They
aim to exploit techniques such as GAN [16], diffusion
model [8, 27, 41, 78, 81] to sample a high 3D content
from pre-trained distribution. Point-E [45] and Shap-E [26]
are trained on several million 3D models to generate point
clouds and parameters of implicit function (e.g. neural ra-
diance field). However, these 3D native generative models
are limited due to the lack of a substantial amount of high-
quality 3D model datasets.

Inspired from success of 2D generative models (e.g.
DALL-E [54] and Stable Diffusion [56]) with impressive
and high-quality image generation, a large number of stud-
ies [7, 33, 40, 50] incorporate 2D diffusion and CLIP pri-
ors into per-shape optimization via various score distilla-
tion sampling strategy [50, 62, 66], or with other monocular
prior losses. Some works explore view-conditioned diffu-
sion to learn control mechanisms that manipulate the cam-
era viewpoint in large-scale diffusion models [36]. How-
ever, these methods necessitate a time-consuming per-shape
optimization for different 3D representations (i.e., NeRF,
mesh, 3D Gaussian, SMPL human model) via differentiable
rendering. Some other works improve the multi-view con-
sistency across different novel views [37, 59], which di-
rectly enables NeRF optimization with pixel-wise loss with
distillation, achieving impressive performance in few min-
utes. One-2-3-45 [35] proposes to combine the 2D gener-
ative models and multi-view 3D reconstruction, leading to
superiority in both quality and efficiency.

Neural 3D Representation and Rendering. With the re-
cent advancement of neural networks, neural implicit rep-
resentations [25, 42, 47], especially neural radiance field
(NeRF) [43] with its variants [2, 17, 34, 72, 80], have shown
its promising performance in novel-view synthesis and 3D
reconstruction, only using dense images via differentiable
volume rendering. Despite efforts to enhance the rendering
speed of neural implicit representations [18, 20, 44], their
efficiency still lags behind point-based rendering [29, 30].
Certain works augment points with neural features and uti-
lize UNet [1, 53] for fast or even real-time rendering, lever-
aging its advantages of fast GPU/CUDA-based rasteriza-
tion. These methods, relying on 2D CNN and lacking 3D
awareness, often suffer from over- or under-reconstruction
in challenging scenarios (e.g. featureless areas or thin
structures). The 3DGS [28], as a special point-based ren-
dering, stands out for its distinctive utilization of explicit
representation and differential point-based splatting tech-
niques, thereby facilitating real-time rendering at novel
views. However, directly regressing 3D Gaussians from the
image for high-quality novel view synthesis remains chal-
lenging. In this paper, we leverage a hybrid 3D represen-
tation, facilitating fast and generalizable reconstruction and
rendering.

3. Method
In the subsequent sections, we present our approach for 3D
object reconstruction from single-view images. We intro-
duce a new hybrid 3D representation that combines explicit
point cloud geometry and implicit triplane features, allow-
ing for efficient rendering without compromising on qual-
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ity (Section 3.1). In order to deduce the hybrid representa-
tion from a singe-view input, we first employ a transformer-
based point cloud decoder to predict coarse points from im-
age features and upsample the coarse points to a dense point
cloud. Subsequently, a triplane decoder takes these points
along with the image features and outputs the triplane fea-
tures. Finally, the hybrid Triplane-Gaussian will encompass
point clouds, triplane features, and projected image features
to generate representative hybrid features for 3D Gaussian
attributes decoding (Section 3.2). Benefiting from differen-
tiable splatting, we can train the full framework end-to-end
on large-scale category-agnostic datasets efficiently (Sec-
tion 3.3).

3.1. Hybrid Triplane-Gaussian
Gaussian Splatting, while offering advantages such as high-
quality rendering and speed, remains unexplored in its ap-
plication to generalizable reconstruction settings. A pre-
liminary approach might consider treating 3D Gaussians
as an explicit point cloud enriched with specific attributes.
One possibility involves adapting existing point cloud re-
construction or generation models [41, 45] to include addi-
tional 3D Gaussian attributes besides point positions. Pur-
suing this concept, we initially developed a 3D Gaussian
reconstruction model based on a transformer architecture
aimed at directly predicting 3D Gaussians. However, as
shown in the experiment in Section 4.6, it fails to gener-
ate satisfied 3D objects from a single image. This shortfall
might be attributed to the discrete, non-structural, and high-
dimensional nature of 3D Gaussians, which complicates
the learning process. In response, we introduce Triplane-
Gaussian, a new hybrid 3D representation that merges the
benefits of both triplane and point cloud approaches for 3D
Gaussian representation. This hybrid model offers fast ren-
dering, high quality, and generalizability, as depicted in Fig-
ure 5.

The hybrid representation includes a point cloud P ∈
RN×3 which provides explicit geometry, and a triplane
T ∈ R3×C×H×W which encodes an implicit feature field,
where 3D Gaussian attributes can be decoded. The tri-
plane T comprises three axis-aligned orthogonal feature
planes {Txy, Txz, Tyz}. For any position x, we can query
the corresponding feature vector from triplane by project-
ing it onto axis-aligned feature planes, and concatenate
three trilinear interpolated features as the final feature ft =
interp(Txy, pxy) ⊕ interp(Txz, pxz) ⊕ interp(Tyz, pyz),
where interp and ⊕ denote the trilinear interpolation and
concatenation operation, and p denotes the projected posi-
tion on each plane.

3D Gaussian Decoder. For a given position x ∈ R3 from
point cloud P , we query feature f from the triplane and
adopt an MLP ϕg to decode the attributes of the 3D Gaus-
sians derived from the point cloud. The 3D Gaussians’

attributes include opacity α, anisotropic covariance (repre-
sented by a scale s and rotation q) and spherical harmonics
(SH) coefficients sh [28]:

(∆x′, α, s, q, sh) = ϕg(x, f) (1)

Since surface points are not always the best choice for the
3D Gaussian representation, we additionally predict a small
offset ∆x for the position, and the final position is com-
puted by x = x+∆x.

Regarding the single-view 3D reconstruction task we
focus on in this paper, we additionally augmented the
queried triplane features with projected image features as
in PC2 [41] to fully utilize the local features from the in-
put image. Specifically, we concatenate the triplane feature
ft with projected local features fl from explicit geometry
as f in Equation 1. Given an input camera pose π and a
point cloud P , the local projection feature can be calcu-
lated by the projection function P , where fl = P(π, P ).
Following [41], we consider the self-occlusion problem of
the point cloud and implement the projection by point ras-
terization. The local features include the RGB color, DI-
NOv2 [46] feature, mask, and 2-dimensional distance trans-
form corresponding to the mask region. In this way, the
projection-aware condition can improve the texture quality
under the input viewing angle.
Rendering. Based on such representation, we can per-
form image rendering by utilizing the efficient Gaussian
Splatting rendering approach [28] at any novel viewpoint.
It’s a differentiable tile-based rasterization that allows fast
α-blending of anisotropic splats and fast backward pass by
tracking accumulated α values, ensuring that our pipeline
can be trained end-to-end more efficiently with higher reso-
lution images and less GPU memory cost.

3.2. Reconstruction from Single-View Images
In this section, we detail the process of learning the
Triplane-Gaussian representation from a single image.
Drawing inspiration from recent breakthroughs in 3D re-
construction using transformers [21], our approach employs
two transformer-based decoders, each tailored for recon-
structing a point cloud P and a triplane F from input im-
ages. The adoption of a scalable transformer architecture
substantially enhances the model’s capability and general-
ization potential. Moreover, we harness local features pro-
jected from the input image to enhance both the point cloud
up-sampling process and the 3D Gaussian decoder. This
strategy significantly improves initial point cloud recon-
struction and facilitates more accurate novel-view synthe-
sis.

Image Encoder. We first leverage a pre-trained ViT-based
model [12] (e.g., DINOv2 [46]) to obtain patch-wise fea-
ture tokens from the input image. In order to better utilize
camera information in our pipeline, we implement an adap-
tive layer norm (adaLN) to modulate the DINOv2 features
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with the camera features, which is similar to [21, 48]. Fi-
nally, we implement an MLP to predict the scale and shift
based on the camera features after each normalization layer.
These camera modulation layers are trained to make image
features aware of the observation viewpoint, thereby better
guiding both the point cloud network and the triplane net-
work.

Transformer Backbone. In our framework, we use a set
of feature tokens {fi}p and {fi}t for the latent features of
two different 3D representations, i.e., points and triplane,
respectively. The latent tokens are initialized from learnable
positional embeddings, and fed to the transformer blocks.
Similar to other transformer architecture designs [24], each
transformer block comprises a self-attention layer, a cross-
attention layer, and a feed-forward layer. The viewpoint-
augmented image tokens guide the two decoders via cross-
attention, respectively.

Point Cloud Decoder. The point cloud decoder provides
the coarse geometry of the object, where 3D Gaussians can
be produced based on the coordinates of the points. We em-
ploy a 6-layer transformer backbone to decode a point cloud
using image conditions from a fixed number of learnable
positional embeddings, i.e., point cloud tokens. We treat
each latent token as a point, which is similar to Point-E [45].
However, our approach operates in a feed-forward manner,
where the point cloud can be predicted directly from the
final token, as opposed to the diffusion process employed
in Point-E [45]. Due to limited computation and memory
resources, we only decode a coarse point cloud with 2048
points in this step.

Point Upsampling with Projection-Aware Conditioning.
Since the quality of novel view synthesis from Gaussian
Splatting is highly influenced by the number of Gaussians,
it’s not enough to generate 3D Gaussians from such a
low-resolution point cloud. Therefore, we adopt a lift-
ing module with two-step Snowflake point deconvolution
(SPD) [73, 74] to densify the point clouds from 2048 points
to 16384 points. Snowflake utilizes a global shape code
extracted from the input point cloud along with point fea-
tures, to predict the point displacements for the upsampled
point cloud. In order to reconstruct the detailed geometry
guided by the input image, we integrate local image fea-
tures into the shape code of SPD from the given camera
pose by Projection-Aware Conditioning [41]. Such projec-
tion enables the generation of high-resolution point clouds
that are well-aligned with the input image.

Triplane Decoder with Geometry-Aware Encoding.
The triplane decoder outputs the implicit feature field based
on the image and initial point cloud, from which 3D Gaus-
sian properties will be decoded by position queries. It
shares a similar transformer architecture to decode the fea-
tures from learnable positional embedding by image tokens.

We also encode the point cloud into the initial learnable
positional embeddings, resulting in better geometry aware-
ness. More specifically, the points are also augmented with
projection features from the input image as in point cloud
upsampling. The feature-rich points are then fed into a
shallow PointNet [51] with local pooling [49], and then
we perform an orthographic projection onto the three axis-
aligned planes. The features projected to the same token
are average-pooled and added with the learnable positional
embedding.

3.3. Training

We train the full pipeline by using 2D rendering loss along
with 3D point cloud supervision:

L = λcLCD + λeLEMD+

1

N

N∑
i=1

(LMSE + λmLMASK + λsLSSIM + λlLLPIPS)
(2)

where LCD is the Chamfer Distance (CD) and LEMD is the
Earth Mover’s Distance (EMD). For training the triplane
decoder and 3D Gaussian decoder, we apply the rendering
losses, including a pixel-wise MSE loss LMSE = ||I − Î||22,
a mask loss LMASK = ||M − M̂ ||22, a SSIM loss LSSIM [65]
and a perceptual loss LLPIPS [79].

4. Experiments
4.1. Implementation Details

We utilize a pre-trained DINOv2 [46] as our image encoder,
which generates 768-dimension feature tokens with a patch
size of 14. The point decoder and triplane decoder are both
10-layer transformer networks with hidden dimension 512.
The positional embeddings of the point decoder consist of
2048 tokens with 512 dimensions, corresponding to 2048
points. The positional embeddings of the triplane decoder
comprise three 32 × 32 tokens, each with 512 dimensions,
representing three axis-aligned planes. To ensure better
convergence during training, we divide the training process
into two stages. Initially, we train the point decoder using
λc = 10 and λe = 10 only with CD loss and EMD loss, en-
abling the network to deliver high-quality geometry. Subse-
quently, we train the triplane decoder and the Gaussian de-
coder with the point decoder frozen, and set the weights of
the losses with λm = 1, λs = 1, λl = 2, λc = 10, λe = 0.

4.2. Baselines, Dataset, and Metrics

Baselines. We compare our method with the previous
state-of-the-art single-image reconstruction and generation
methods. There are three kinds of them: (1) native 3D
generative models, including Point-E [45] and Shap-E [26];
(2) 2D diffusion model, i.e., Zero-1-2-3 [36] and (3) feed-
forward model based on 2D diffusion model output, i.e.,
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Figure 3. Qualitative comparisons of novel view synthesis from reconstructed object between our method and other baselines on the GSO
dataset. Our approach achieves both quality and consistency across different novel views.

Point-E Shap-E One-2-3-45 Ours GTInput

Figure 4. Qualitative comparisons of geometry reconstruction
from a single image between our method and other baselines on
the GSO dataset.

One-2-3-45 [35]. Point-E [45] and Shap-E [26] are trained
on a large-scale internal 3D dataset to produce point cloud
and implicit representation (NeRF) from single images.
Zero-1-2-3 [36] is a 2D generative model to utilize view-
conditioned diffusion for novel view synthesis. One-2-3-
45 [35] trains a robust multi-view reconstruction model
which takes multi-view images generated from a 2D dif-
fusion model (e.g., Zero-1-2-3). It directly builds an SDF
field by SparseNeuS [39], achieving state-of-the-art perfor-
mance.

Dataset. Following One-2-3-45 [35], we train our model
on the Objaverse-LVIS dataset [10], which contains 46K

3D models in 1,156 categories. We use Blender to ren-
der ground-truth RGB and depth with a circle path for an
object. For Evaluation, we adopt the Google Scanned Ob-
jects (GSO) dataset [13], which includes a wide variety of
high-quality scanned household items, to evaluate the per-
formance of our method and other baselines. We randomly
choose 100 shapes and render a single image per shape for
evaluation.

4.3. Single View Reconstruction

We conduct the evaluation quality of geometry reconstruc-
tion from single-view images with other baselines, includ-
ing Point-E [45], Shap-E [26] and One-2-3-45 [35]. Ta-
ble 1 demonstrates the quantitative results on CD and Vol-
ume IoU, and Figure 4 illustrates some visual comparisons.
Point-E tends to produce holes in the reconstructed meshes
due to the sparsity of the generated point cloud. Mean-
while, Shap-E is susceptible to collapsing during the gen-
eration process, resulting in an unpredictable outcome. The
geometric output generated by One-2-3-4-5 [35] is charac-
terized by a coarse representation, lacking intricate details.
In contrast, our method reconstructs geometry based on the
explicit point clouds, which can preserve finer details and
maintain consistency with the ground truth.
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CD ↓ IoU ↑ Time (s) ↓
Point-E 68.56 0.181 78
Shape-E 79.84 0.218 27

One-2-3-45 75.56 0.338 40
Ours 21.04 0.401 0.14

Table 1. Quantitative Comparison for single view 3D reconstruc-
tion on the GSO dataset, in terms of Chamfer Distance ×10−3,
Volume IoU and runtime efficiency.

PSNR ↑ SSIM ↑ LPIPS ↓ Time (s) ↓
One-2-3-45 15.55 0.76 0.25 14
Zero-1-2-3 17.57 0.78 0.19 1.70
PixelNeRF 20.64 0.82 0.29 4.09

Ours 23.15 0.87 0.13 0.003

Table 2. Quantitative comparison on novel-view synthesis from
single images on the GSO dataset, in terms of PSNR, SSIM,
LPIPS, and runtime efficiency.

PSNR ↑ SSIM ↑ LPIPS ↓
3DG 18.56 0.80 0.20

Triplane-NeRF 21.85 0.84 0.15
Triplane-Gaussian 23.15 0.87 0.13

Table 3. Quantitative comparison between different representa-
tions for novel view synthesis on GSO.

4.4. Novel View Synthesis
In this subsection, we evaluate the quality of novel view
synthesis in comparison with baselines, including One-2-
3-45 and Zero-1-2-3. The quantitative and qualitative re-
sults are shown in Table 2 and Figure 3, respectively. While
Zero-1-2-3 can generate plausible results from a novel
viewpoint, it doesn’t ensure consistency between different
views, and can even yield completely unreasonable results.
For example, it may generate two different instances of
Spider-Man and shoes when the input only contains one of
each. Although One-2-3-45 is primarily designed for ge-
ometry reconstruction, we utilize it to render the novel view
image from its generated feature volume. Due to its inher-
ent geometry constraint in 3D volume, the rendering images
are consistent across different views. However, its reliance
on images generated by Zero-1-2-3 limits its ability to pro-
duce high-quality novel view synthesis. In contrast, Our
method delivers both high quality and consistency, thereby
attaining superior performance. Additionally, by leverag-
ing the transformer architecture and local feature projection,
our model exhibits robust generalization to unseen objects
while preserving intricate textures.

4.5. Runtime Efficiency

We also evaluate the runtime efficiency of our method in
comparison with other baseline approaches. Table 1 and Ta-

CD ↓ IoU ↑
PCL tokens 22.16 0.385

Global image feature 22.22 0.401
Projection-aware condition 21.04 0.401

Table 4. Quantitative Comparison of different conditions for point
cloud up-sampling in geometry reconstruction.

P.C. G.E. GT 3D PSNR ↑ SSIM ↑ LPIPS ↓

a ✗ ✗ ✓ 22.04 0.85 0.16
b ✓ ✗ ✓ 22.47 0.86 0.15
c ✗ ✓ ✓ 22.76 0.86 0.14
d ✓ ✓ ✓ 23.15 0.87 0.13
e ✓ ✓ ✗ 22.65 0.86 0.14

Table 5. Quantitative effect of projection-aware condition,
geometry-aware encoding and ground-truth 3D supervision to
novel view synthesis.

ble 2 demonstrate the runtime of reconstruction and render-
ing of each baseline, respectively. We evaluate the runtime
of Zero-1-2-3’s diffusion sampling process due to its lack of
rendering process from 3D representation. We evaluate the
volume rendering of One-2-3-45 from its generated implicit
feature volume rather than the generated mesh. We can find
that our method has achieved significant improvements in
speed for both reconstruction and rendering processes com-
pared to other baselines, benefiting from feed-forward fash-
ion and efficient rasterization.

4.6. Ablation Study

3D representation. To evaluate the effectiveness of the
design of our Triplane-Gaussian design, we conducted an
experiment that compared it with two other representations,
including (1) native generalizable 3D Gaussians (3DG) and
(2) Triplane-NeRF. Table 3 and Figure 5 (left) present the
quantitative and qualitative comparisons among these meth-
ods. The native generalizable 3D Gaussians, which are di-
rectly decoded from latent tokens like points, exhibit the
poorest performance according to all metrics. Our Triplane-
Gaussian, leveraging the projection-aware condition with
explicit geometry, excels in producing more detailed texture
compared to Triplane-NeRF, as illustrated in the red box of
Figure 5 (left), and achieves the best quantitative results.
Furthermore, once the 3D Gaussians are decoded, our ren-
dering process demonstrates faster performance compared
to Triplane-NeRF (48ms).

Projection-aware condition. We first conduct experi-
ments with two ablation shape code settings to investigate
the impact of different shape codes within the point upsam-
pling module, including (1) the point cloud (PCL) tokens
and (2) global image features from DINOv2. As shown in
Table 4, image-based shape codes achieve higher IoU com-
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(a) (b) (c) (d) GTGTTriplane-NeRF Triplane-Gaussian3DG

Figure 5. Qualitative comparison with 3DG and Triplane-NeRF (left) and qualitative effect of projection-aware condition and geometry-
aware encoding (right), where the (a-d) are corresponding with (a-d) in Table 5.

pared to merely PCL tokens, which demonstrates the im-
portance of incorporating structural information from the
visual modality. Moreover, the projection-aware condition
outperforms the other two code methods in terms of CD,
suggesting that the local patterns of the image are effec-
tively transferred to the structure of the point cloud.

We also assess the impact of the projection-aware condi-
tion on the 3D Gaussian Decoder for novel view synthesis.
Table 5 demonstrates that using projection-aware condition
(P.C.) improves the quality of novel view synthesis across
all metrics. In Figure 5 (right), two examples illustrate its
visual effects. The use of P.C. (Figure 5 (b) and (d)) signifi-
cantly enhances the rendering image with sharper and more
detailed texture on the same side as the input view. For ex-
ample, in the first row, the left image of the shoe, and in the
second row, the complex checkered texture of the coverlet.

Geometry-aware encoding. While the projection-aware
condition improves rendering quality on the same side as
the input view, achieving good texture on the backside re-
mains challenging (see the first row of Figure 5 (b)). Intro-
ducing geometry-aware encoding (G.E.) enhances texture
results, as evident in Figure 5 (c) and (d), particularly on
the backside (right image of the shoe). Geometry-aware en-
coding enables the triplane decoder to predict backside tex-
ture with a shape prior, considering that shoes often have a
similar texture on both sides. Since our point cloud decoder
and triplane decoder are trained separately, the implicit field
is sometimes not well-aligned with the explicit point cloud
for complex geometry in the absence of geometry-aware en-
coding. This leads to blurry and non-sharp rendering re-
sults, as observed in the last row of Figure 5 (a) and (b).
The geometry-aware encoding enhances the alignment be-
tween them, resulting in high-quality novel view synthe-
sis. Table 5 also demonstrates the quantitative improvement
achieved by geometry-aware encoding in novel view syn-
thesis results.

3D supervision. We find it hard to train our model suc-
cessfully only by rendering loss after some attempts, so we
leverage the 3D supervision from the ground-truth point
cloud for better convergence. However, for some multi-

view datasets, obtaining accurate and complete ground-
truth 3D models is not an easy task. In the absence of
ground-truth 3D models, we can address this issue by over-
fitting each object using Gaussian Splatting and leveraging
them for pseudo-point-cloud supervision. Table 5 demon-
strates that the pseudo-point-cloud supervision only leads
to a slight decrease while maintaining high-quality results,
which indicates that this solution can mitigate the reliance
on ground-truth 3D models.

4.7. Limitations

The rendering quality of the 3D Gaussians largely depends
on the initial geometry. If the predicted point cloud deviates
severely from the ground truth, it becomes challenging for
the 3D Gaussians to recover the missing regions. Addition-
ally, since our model is not a probabilistic model, the back-
side tends to be blurry. One solution for this issue would be
combined with GAN or diffusion model.

5. Conclusion

In this paper, we present TGS, a new framework for 3D re-
construction from a single image with only a feed-forward
inference. Our approach constructs a hybrid Triplane-
Gaussian representation using two transformer decoders
from input images, and subsequently, a 3D Gaussian de-
coder generates Gaussian properties. To improve the con-
sistency with the input observation, we further augment the
generation process of these two representations by the ap-
plication of projection-aware conditioning and geometry-
aware encoding. Experimental results demonstrate that our
method achieves high-quality geometry reconstruction and
novel view synthesis while maintaining rapid reconstruction
and rendering speeds.
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Niloy J. Mitra. HOLODIFFUSION: training a 3d diffusion
model using 2d images. In IEEE CVPR, pages 18423–18433,
2023. 3

[28] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler,
and George Drettakis. 3d gaussian splatting for real-time
radiance field rendering. ACM Trans. Graph., 42(4):139:1–
139:14, 2023. 2, 3, 4

[29] Georgios Kopanas, Julien Philip, Thomas Leimkühler, and
George Drettakis. Point-based neural rendering with per-
view optimization. Comput. Graph. Forum, 40(4):29–43,
2021. 3

[30] Christoph Lassner and Michael Zollhöfer. Pulsar: Efficient
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