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Figure 1. Our method, PI3D, is able to generate the pseudo-images of a 3D shape in seconds from text prompts and further refine it in 3

minutes to achieve better quality.

Abstract

Diffusion models trained on large-scale text-image
datasets have demonstrated a strong capability of con-
trollable high-quality image generation from arbitrary text
prompts. However, the generation quality and general-
ization ability of 3D diffusion models is hindered by the
scarcity of high-quality and large-scale 3D datasets. In
this paper, we present PI3D, a framework that fully lever-
ages the pre-trained text-to-image diffusion models’ abil-
ity to generate high-quality 3D shapes from text prompts
in minutes. The core idea is to connect the 2D and 3D
domains by representing a 3D shape as a set of Pseudo
RGB Images. We fine-tune an existing text-to-image dif-
fusion model to produce such pseudo-images using a small
number of text-3D pairs. Surprisingly, we find that it can al-
ready generate meaningful and consistent 3D shapes given
complex text descriptions. We further take the generated
shapes as the starting point for a lightweight iterative re-
finement using score distillation sampling to achieve high-
quality generation under a low budget. PI3D generates a
single 3D shape from text in only 3 minutes and the quality
is validated to outperform existing 3D generative models by
a large margin.

“Work done during internship at VAST.
Corresponding author.

1. Introduction

With recent advances in generative modeling, various mod-
els have emerged capable of capturing complex data dis-
tributions across different modalities such as audio, video,
and images. Notably, pioneering image generation models
like Imagen [40], DALL-E [36, 37], Stable Diffusion [39],
and others demonstrate the ability to generate highly real-
istic and natural-looking images from text prompts, often
indistinguishable from those produced by humans.

While algorithmic progress plays a crucial role in these
achievements, it’s essential to acknowledge the founda-
tional role of large-scale datasets [42] in facilitating such
applications. Unlike 2D images, 3D objects face inher-
ent challenges in data acquisition. The labor-intensive and
time-consuming processes involved in 3D scanning and cre-
ation make gathering 3D data notably challenging. Al-
though datasets like Objaverse [9] and Objaverse-XL [8]
have recently been released with millions of 3D assets, they
suffer from insufficient filtering and processing, leading to
the inclusion of duplicate, low-quality, and texture-less con-
tent. The absence of a high-quality, abundant, and seman-
tically rich 3D dataset remains a significant obstacle in di-
rectly constructing 3D generative models.

In order to generate 3D assets in scenarios where 3D pri-
ors are difficult to obtain, researchers have recently been
keen to utilize various 3D representations [24, 31, 43, 49]
to lift 2D diffusion models with Score Distillation Sampling
(SDS) [34, 48]. However, applying only 2D prior is prone to
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Orthogonal Views

Pseudo-Images

Figure 2. We show the 3 orthogonal rendering results and the tri-
plane representation as 6 pseudo-images for the same scene. We
can observe semantic congruence between them, such as the con-
tours of different parts.

hinder the 3D nature, inevitably compromising 3D fidelity
and consistency. 3D knowledge is a key issue that cannot
be bypassed for high-quality 3D generation.

The pivotal question arises: can a 3D diffusion model
exhibit robust generalization when 3D data cannot reach the
scale and quality of image data? We answer this question by
presenting PI3D, a framework that fully utilizes the knowl-
edge in pre-trained text-to-image diffusion models and im-
age datasets to generate high-quality 3D shapes conditioned
on text prompts. Given the observation that the triplane
representation for 3D scenes [4, 33] shares semantic con-
gruence with orthogonal rendered images, we believe that
the architecture of a pre-trained image diffusion model is
also capable of generating high-quality triplanes. In order
to borrow knowledge from 2D generation, we treat every 3
channels of the triplane representation as one image to form
a set of pseudo RGB images (see Fig. 2). To build our 3D
diffusion model, we start from a pre-trained text-to-image
diffusion model and keep most of its architecture to inherit
the generalizability while changing the self-attention layer
to global attention performed on all pseudo-images. We in-
ject 3D knowledge into the pre-trained 2D diffusion model
by fine-tuning it on the pseudo-images obtained from 20k
text-3D pairs from the Objaverse dataset [9]. Further, we
find that the simultaneous use of 2D image data in train-
ing significantly improves generalization ability on complex
concepts while keeping the requirements of the magnitude
of 3D data at a low level. Based on the pseudo-image diffu-
sion model, we can create brand-new 3D objects from text
prompts by performing diffusion sampling in seconds. We
take the sampled object as the starting point for a subse-
quent refinement process where score distillation sampling

(SDS) [34] is used to further improve the quality. The re-
finement process converges quickly and maintains good 3D
consistency thanks to the strong initialization provided by
the pseudo-image diffusion model. PI3D is able to generate
high-quality 3D objects from text prompts within 3 minutes,
bringing new possibilities for 3D content creation.

The main contributions of this paper are as follows:

* We propose PI3D, a framework that fully leverages prior
knowledge from 2D diffusion models for high-quality and
text-aligned 3D generation in minutes.

* We propose to represent a 3D shape as a set of pseudo-
images and adapt a 2D diffusion model to directly output
such a representation, enabling fast sampling of 3D ob-
jects from texts while providing strong initialization for
further refinement.

e PI3D is demonstrated to be effective in 3D generation
with respect to visual quality, 3D consistency, and gen-
eration speed.

2. Related Work

In this section, we will primarily review recent text-to-3D
research. They can be broadly categorized based on the
data they utilize and how they incorporate 3D knowledge:
methods using 3D diffusion methods and lifting 2D diffu-
sion models.

2.1. Diffusion-based 3D Generative Model

This line of research focuses on training 3D diffusion mod-
els on popular 3D datasets [5, 8, 9], each with distinct repre-
sentations of 3D objects. As most of these methods have ac-
cess to 3D raw data, they inherently acquire 3D knowledge
inductively from the dataset. Point-E [32] trains two point-
cloud diffusion models conditioned on the text prompt or
single-view image to generate a low-resolution point cloud
and up-sample it respectively. It can further obtain meshes
from the point cloud via SDF prediction. Shap-E [20] trains
the diffusion model on the 3D implicit function. It is ca-
pable of simultaneously producing NeRF and SDF with
two heads, but it struggles with semantics when faced with
complex prompts. NFD [45], 3DGen [11], and DiffTF [3]
adopt diffusion on the triplane representation to achieve
highly efficient mesh generation but they constrain the gen-
eration to be category-specific on ShapeNet [5] and Om-
niObject3D [52]. Some other methods [22, 23] build 3D
diffusion models with only posed 2D images on smaller
datasets [38]. All these methods actually utilize only poorly
labeled 3D data or limited image data, which leads to their
poor ability to generate reasonable objects when confronted
with some complex concepts.

2.2. 3D Knowledge in Lifting 2D Diffusion Models

Several recent works focus on optimizing a 3D representa-
tion by leveraging a pre-trained 2D diffusion model. The
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foundational technique involved is Score Distillation Sam-
pling (SDS) [34, 48]. SDS aims to align the rendering re-
sults of a parameterized renderer with the distribution de-
scribed by a pre-trained image diffusion model, achiev-
ing parameter space sampling. In DreamFusion [34] and
SJC [48], 3D knowledge originates solely from spatial rep-
resentations and the view-dependency prompting, which are
relatively weak. This limitation increases the likelihood of
3D inconsistency, such as the Janus problem, since there
is no direct informative constraint between different views.
ProlificDreamer [50] and HiFA [53] reduce the oversatu-
ration and greatly increase the generation quality by rein-
venting the optimization target. Perp-Neg [2] mitigates the
inconsistency problem by correcting the direction of param-
eter updates guided by the 2D diffusion model but leaves
the lack of a 3D prior unsolved. Zero-1-to-3 [27] pro-
poses to train a 2D viewpoint transformation model condi-
tioned on the input view and the relative camera transforma-
tion, injecting implicit 3D knowledge into the 2D diffusion
model. Magic123 [35] fuses and balances guidance from
pre-trained 2D diffusion model [39] and viewpoint transfor-
mation model [27], achieving detailed image-to-3D results.
MVDream [44] models the distribution of multi-view im-
ages and thus greatly improves the stability of existing 2D-
lifting methods. ATT3D [29] amortizes the optimization
cost among prompts by introducing a prompt-conditioned
parameter prediction hyper-network. DreamGaussian [46]
accelerates the generation by utilizing real-time rendered
3D representation. Although these methods are usually ca-
pable of generating an attractive appearance, they all require
tons of optimizing iterations and are of lower diversity.

Some other methods view 3D generation as multi-view
generation combined with reconstruction [25, 26, 28, 47].
The reconstruction process can be optionally replaced by a
feed-forward model [18, 26]. These approaches allow for
fast 3D generation but are often jointly affected by minor
inconsistencies of multi-view images and errors in the re-
construction process.
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Figure 3. We fit the triplane representation for each object with
the supervision of the rendered RGB images, binary mask, and
object depth. We also adopt axis-aligned masks on the triplane to
encourage the geometry to approach the correct surface faster.

3. Method

In this section, we mainly focus on how PI3D is built. It
consists of two parts as a whole, the first part is a pseudo-
image diffusion model that is responsible for fast sampling
of 3D objects. It follows two stages similar to many other
latent diffusion methods [7, 11, 19, 20]. In the first stage (in
Sec. 3.1), a 3D representation for each 3D object is fitted
and next (in Sec. 3.2), we build a text-conditioned pseudo-
image diffusion model adapting from a pre-trained 2D dif-
fusion model. The second part (in Sec. 3.3) is a lightweight
refinement using Score Distillation Sampling (SDS) that
converges quickly and further improves the quality of the
sampled 3D object.

3.1. Depth-Aware Triplane Fitting

We represent each object as three axis-aligned feature maps
Fry, Fuzy Fy, € ROHEXW - Gpecifically, we set C = 6
to form 6 pseudo-images. The spatial feature F'(p) for any
query point p is constructed by concatenating the features
bi-linearly interpolated on the three maps at the projected
2D positions.

F(p) = [Fary(pacy)asz(pmz)>Fyz(pyz)] (1)
The color and density at the point p are then decoded by a
shared MLP D(-; 0).

c(p),o(p) = D(F(p); ) 2)
The expected color of a camera ray r is calculated in a vol-
ume rendering manner [21, 31].
N

C(r) = Z Ti(1 = exp(=da(pi)))c(pi),

i—1 (3)
where T; = exp(— Z do(py))
j=1

{p:}}¥, denotes the sampled points along that ray. We do
not involve additional positional embedding like in vanilla
NeRF [31], since we want the decoder to be position-
agnostic, ensuring that what is similar on the rendered im-
ages is also similar on the triplane. To encourage a cor-
rect underlying geometry, we also supervise the object mask
M (r) and the expected depth D(r) along that ray, which are
given by:

N
M(r) = Zﬂ(l — exp(—do(p;))) )
) N
D(r) = ZTi(l — exp(—60(pi)))t(pi) )
=1

where t(p) is the distance from the ray origin to p.
The losses on rendering views are as follows:

Leoor = Y ([IC(r) = C(r)|l2+ A ]|C(r) = C(1)]11) (6)

r
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Lunas = »_BCE(M (r), M(r)) (7)

Laggn = Y (M (r) @ [|D(r) = D(r)]}1) (3)
where ® is element-wise production. We use both MSE and
L1 loss on the rendered color for better convergence.

In addition to encouraging the triplane to fit the object
well, we still want it to be friendly to the later diffusion
process. So we put several regularizations on the triplane
itself. Inspired by [3], we use L2 and TV loss as follows:

Lio =||F2
Lrv= Y [IF(i,)—F(i+1,)[
1<i<H )
+ Y FGi) = F(i+ 1)k
1<i<W

In order for the geometry to converge fast, we render 3
axis-aligned views in orthogonal projection and adopt these
masks Ogy, Oy, O, on 3 planes to constrain where it has
non-zero features, which is basically equivalent to a 3-view
visual hull constraint.

Ly = [|(1 - 0) ® F||y (10)
Above we neglect the subscript zy,xz,yz as they are
adopted on all planes.

In general, we adopt an autodecoder architecture to fit
all the triplanes. However, a large number of triplanes can-
not be put into the GPU memory at the same time. So we
first train the shared MLP D(+; #) on a subset and fit all the
3D assets independently by freezing D(+; §). The final opti-
mization objective for either training D or F' is

L= Ecolor + )\mask»cmask + Adeplhﬁdepth

(11)
+ AL + ArvLry 4+ Anan Lot

3.2. Pseudo-Image Diffusion

We choose Stable Diffusion [39] as our base model and
build a pseudo-image diffusion model on top of it without
altering its architecture. The two main challenges here are:
(1) how to simultaneously output multiple multi-channel
feature maps under the architecture, and (2) how to model
the cross-plane consistency to form a reasonable underly-
ing 3D geometry. We view each triplane representation as
a set of 6 pseudo-images and stack them along the batch
dimension as the model input. A global pseudo-image at-
tention block, inspired by video and multi-view diffusion
models [16, 17, 44, 51], is adapted from the original self-
attention block without changing the parameters to aggre-
gate tokens on 6 pseudo-images. In this way, we enrich the
feature interaction across three planes and incorporate the
3D knowledge into the global attention block. So far, all
the attention layers are order-invariant. Thus, to identify the
input images, we allocate a learnable embedding for each

pseudo-image and add it to the timestep embedding in the
cross-attention block.

We directly trained the model on our fitted triplanes but
observed a decline in generalization ability on 3D assets
over prolonged training, particularly for prompts involving
combined concepts and multiple objects, showing less ro-
bustness than image diffusion models. We believe the per-
formance degradation is attributed to the quality and scale
of 3D data. There are basically all single objects in the
Objaverse dataset [9] and still exist many misaligned text
descriptions in Cap3D [30]. To enhance robustness, we
train the pseudo-image diffusion with additional real images
from LAION-5B [42] by disabling global attention blocks
and learnable embedding. We observe obvious improve-
ments in the diversity and prompt alignment after training
with mixed 2D-3D data which we will discuss later in the
ablation study (see Sec. 4.3).

3.3. Lightweight Refinement

Upon obtaining the diffusion model, two intuitive ways to
generate 3D models from input texts are considered. One
can directly sample new 3D models within seconds from
it and further refine it with 2D SDS. Alternatively, we can
view the 3D diffusion model as a prior and jointly opti-
mize a triplane-based NeRF with 2D and 3D SDS, like
Magic123 [35] to guarantee the 3D consistency. In practice,
we find that sampling a 3D model first using our method
and then refining it with only 2D diffusion models is a sim-
ple yet effective way to produce high-quality objects and
guarantee 3D consistency. In the refinement, we continue
to optimize the triplane generated by the pseudo-image dif-
fusion along with the shared decoder with SDS loss. To
prevent the 3D shape from being over-optimized, we refine
the appearance and geometry by sampling only small noise
levels in SDS. A good coarse 3D model provided by the
pseudo-image diffusion gives 2D SDS a strong appearance
prior, making it converge much faster than starting from
scratch [6, 34, 44, 50].

4. Experiments
4.1. Implementation Details

Data For the 3D dataset, we use 20k 3D objects from Ob-
javerse [9] LVIS subset along with their corresponding cap-
tions from Cap3D [30]. In the triplane fitting stage, we have
standardized the size of the 3D objects by scaling them to fit
within a unit-length bounding box. Subsequently, we placed
them at the origin and generated 100 random views for each
object at a resolution of 512 x 512.

Triplane fitting We define the triplane sizeas H = W =
256,C = 6. The shared decoder used in volume render-
ing is a 4-layer MLP, with each hidden layer having a width
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Figure 4. Examples of 3D models generated by Point-E [32], Shap-E [20] and our method conditioned on various text prompts. 3D
models are presented by 3 rendered views. We follow Point-E [32] to extract the surface for the point cloud rendering. The prompts are
listed below each sample.
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Table 1. Quantitative comparisons between PI3D and state-of-the-art text-to-3D generative models on CLIP Score [13] and CLIP R-
Precision metrics. The R-precision is calculated based on top 1 and top 10 recall.

Method ViT-B-32 ViT-L-14
CLIP Score R-Precision@1 R-Precision@10 | CLIP Score R-Precision@1 R-Precision@ 10
Point-E 22.3 4.6 15.7 42.6 5.7 26.3
Shap-E 62.0 16.0 41.0 48.3 17.3 43.7
PI3D 65.9 25.2 56.7 53.8 29.3 63.3

of 32. It is trained on a set of 500 objects. Subsequently,
we freeze the shared decoder and independently fit the tri-
plane representation for each object, implementing a lin-
early decayed learning rate. The balancing coefficients for
loss items are as follows: ALy = 0.2, Apask = 0.1, Agepth =
0.5, A2 = 0.05, Aty = 0.05, Apuy = 1.0. The triplanes are
scaled to [—1, 1] to ensure a similar variance with images
for easy diffusion training later. The process of fitting one
object on a single A100 GPU takes 2 minutes.

Pseudo-image diffusion We start from Stable Diffusion
v2.1 and train the learnable embedding with a learning rate
of 1073 while the remaining parameters are trained with
10~* for 15,000 iterations. Training is conducted using
256 x 256 real images from LAION-5B [42] and pseudo-
images with 50% probability each. The equivalent batch
size for triplanes and real images are set to 384 and 2304, re-
spectively, to match their computational overhead. We drop
the text embedding with a 5% probability, jointly training
an unconditional diffusion model to enable classifier-free
guidance [14]. Utilizing the v-objective [41] and Min-SNR
strategy [12] enhances convergence during diffusion train-
ing. The entire diffusion training process spans about 36
hours, utilizing 8 A100 GPUs.

Text-to-3D generation In pseudo-image sampling, we
use DDPM [15] scheduler for 50 sample steps with a clas-
sifier free guidance [14] scale of 5.0. It takes 3 seconds to
sample a triplane with the 256 x 256 resolution. We imple-
ment the subsequent refinement based on threestudio [10],
utilizing DeepFloyd-IF [1] as the 2D guidance model. The
triplane-based NeRF is optimized for 2000 steps with a
batch size of 1, typically requiring 3 minutes on an A100
GPU. The timestep ¢ is sampled in 2/(0.1,0.5) to intro-
duce small corrections and prevent excessive changes. The
classifier-free guidance adopted in SDS is 20.

4.2. Comparisons with Other Text-to-3D Methods

We compare PI3D with general text-to-3D diffusion mod-
els, Point-E [32] and Shap-E [20] and SDS-based method
DreamFusion [34], Fantasia3D [6], ProlificDreamer [50],
MVDream [44]. To evaluate the fidelity, we adhere to
the metrics used in prior works [20, 34], namely CLIP R-

Precision and CLIP similarity score [13]. CLIP R-precision
measures the accuracy of retrieving text prompts using ren-
dered images based on CLIP similarity. We select 4 views at
different camera poses with azimuth angles (0, 90, 180, 270
degrees) and the same elevation angle (15 degrees), per-
forming multiple retrievals to average a score. All 415 test-
ing prompts are from the DreamFusion gallery.

We first compare the pseudo-image diffusion model with
the baseline text-to-3D diffusion models. The quantitative
results are reported in Tab. 1. Our model significantly out-
performs the other two methods in all the metrics, revealing
that it could generate more text-aligned 3D models. We also
demonstrate the generation quality through some qualitative
cases (see Fig. 4), each presented with 3 rendered views.
The baselines, Point-E [32] and Shap-E [20], can generate
simple objects that are part of complex prompts but struggle
to capture the semantics of intricate text prompts, for exam-
ple, depicting “corn fields” without the tractor or a “pen-
guin” without the skiing activity. We believe the limited
generalization ability is partly because they are both trained
only on 3D datasets with variable quality of text annota-
tion and 3D geometry. However, leveraging the similarity
between pseudo-images and 2D real images, our method
can learn rich concepts from limited 3D data and achieve
reasonable generation quality even with prompts involving
concept combination.

We also compare the refinement stage with SDS-based
methods on the generation efficiency and quality. Several
examples by DreamFusion-IF from threestudio [10] and
our method are compared in Fig. 5. The baseline method
requires tons of iterations in hours while still performing
poorly in 3D consistency and convergence. Our method can
generate 3D consistent models and converge much faster
with an even smaller batch size in only 3 minutes by lever-
aging a good 3D initialization sampled from the diffusion
model. Also, our method is compatible with other SDS vari-
ants. As demonstrated in Fig. 6, we compare our method
with other SDS-based methods by switching the 2D guid-
ance to the corresponding variants. We can achieve superior
or comparable quality with even much faster convergence.
In terms of efficient generation, ATT3D [29] has an infer-
ence runtime of 1s, much faster compared to optimization-
based methods. But we contend that it is much less general-
izable than our method. Limited by a prompt set, it can only
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generate new shapes by combining seen words while PI3D
supports complex concepts. Our sampling takes around 3s
and ATT3D has a runtime of 1s. As it is not open-sourced,
we show the results from their paper in Fig. 7. Furthermore,
it employs a deterministic mapping network with no diver-
Sity.
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Figure 7. Our dlffusmn model beats ATT3D in terms of 3D con-
sistency and can produce diverse results.

4.3. Ablation study

Depth loss in triplane fitting To enforce a correct un-
derlying geometry in the triplane fitting stage, we incorpo-
rate a depth loss on the expected depth in volume render-
ing. We compare the outcomes of using depth loss versus
fitting without it, as illustrated in Fig. 9. It is evident that
the imposition of the depth loss constraint is advantageous
for forming the correct geometry surface. In the absence
of depth loss, the object’s surface tends to exhibit cavities
near the spherical area, resulting in hollowness in the cor-
responding part of the triplane. Therefore, adopting depth

CFG=1.0 CFG =15.0 2D%=0.0 Ours

a chihuahua wearing a tutu

B @

a table with dim sum on it

Figure 8. Qualitative results of ablation experiments on different
classifier-free guidance scales and the probabilities of training with
real images.

loss during the fitting stage is crucial to ensure a plausible
triplane distribution. Both examples utilize the same shared
decoder and hyper-parameters, except for Agepin-

w/o ‘Cdepth A

Figure 9. Fitting the object w/ and w/o the depth loss. Rendered
RGB images, opacity images, and pseudo-images are shown.

Probability of training with real images In the pseudo-
image diffusion training phase, we observe that jointly fine-
tuning the model with both pseudo-images and real images
is effective in preserving the prior knowledge from the 2D
pre-trained diffusion model. Consequently, the generaliza-
tion ability can be maintained to some degree. However,
using different probabilities to train with real images can
lead to distinct outcomes, such as an excessive focus on 2D
image generation, neglecting triplane quality, or a suscep-
tibility to overfitting to 3D datasets. We evaluate various
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Table 2. Quantitative results of the ablation experiments on probability for training with 2D data and classifier free guidance.

CFG 2D% VIT-B-32 . ViT-L-14 .
CLIP Score R-Precision@1 R-Precision@10 | CLIP Score R-Precision@1 R-Precision@10
1.0 0.5 59.2 8.4 26.9 45.6 10.1 28.0
3.0 0.5 65.9 24.6 55.1 53.2 29.1 61.7
5.0 0.5 65.9 25.2 56.7 53.8 29.3 63.6
7.5 0.5 66.0 24.4 56.7 53.8 29.3 63
10.0 0.5 64.4 23.4 54.2 53.2 28.1 61.6
5.0 0 61.5 15.7 41.8 47.4 16.7 43.1
5.0 0.3 64.7 22.2 53.9 51.5 23.9 57.3
5.0 0.7 65.4 25.2 56.3 534 30.8 64.0

training settings using the metrics and prompt datasets used
above. The results are presented in Tab. 2, where the prob-
ability of utilizing real images is marked as 2D%. When
training with only 3D data, the model behaves similarly to
Shap-E [20]. They both lose the rich semantic knowledge
in the 2D data and are prone to overfitting to low-quality
3D data, resulting in poor performance on more general-
ized complex prompts. The generalization ability of the
model increases significantly as the proportion of 2D data
increases, and models trained with real images at probabili-
ties of 50% and 70% perform comparably. We select 50% as
our final model. Additionally, we show several qualitative
results in Fig. 8. Training without real images makes the
model less generalizable and unable to comprehend com-
plex text inputs.

Classifier free guidance We experiment with various
classifier-free guidance scales to identify the optimal match
between the generated 3D content and the input text prompt.
The qualitative results for different scales are presented in
Tab. 2. It is evident that PI3D performs best when the scale
is in the range of 5.0 ~ 7.5. We attribute this to the par-
allel training with real images, aligning the optimal range
with sampling the image diffusion model. The qualitative
results in Fig. 8 indicate that the 3D model poorly conforms
to the text and exhibits rough geometry when the scale is
too small, while a large scale introduces noisy geometry al-
though the semantics are more text-aligned.

5. Limitations

Although PI3D demonstrates the ability to efficiently gen-
erate 3D consistent shapes from text prompts, there still
exist some limitations left for the future to address. First,
our training procedure involves a per-object triplane fitting
phase, which leads to a linear increase in training costs
when scaling up to larger 3D datasets. This might be solved
by encoding triplanes from point clouds or multi-view im-
ages with an autoencoder architecture like [11, 32]. Addi-
tionally, the capacity of our scene representation is limited

by the feature dimensions. When it comes to more detailed
3D generation, higher dimensional features are inevitably
required, which raises the number of pseudo-images and
poses a challenge in modeling the relationships between
them. This may be solved by designing more explicit and
effective feature interactions.

6. Conclusion

In this paper, we introduce PI3D, a novel and efficient
framework that utilizes the pre-trained text-to-image diffu-
sion models to generate high-quality 3D shapes in minutes.
On the one hand, it fine-tunes a pre-trained 2D diffusion
model into a 3D diffusion model, enabling both 3D gen-
erative capabilities and generalization derived from the 2D
model. On the other, it utilizes score distillation sampling
of 2D diffusion models to quickly improve the quality of the
sampled 3D shapes. PI3D enables the migration of knowl-
edge from image to triplane generation by treating it as a set
of pseudo-images. We adapt the modules in the pre-training
model to enable hybrid training using pseudo and real im-
ages, which has proved to be a well-established strategy for
improving generalizability. The efficiency of PI3D is high-
lighted by its ability to sample diverse 3D models in seconds
and refine them in minutes. The experimental results con-
firm the advantages of PI3D over existing methods based
on either 3D diffusion models or lifting 2D diffusion mod-
els in terms of fast generation of 3D consistent and high-
quality models. The proposed PI3D stands as a promising
advancement in the field of text-to-3D generation, and we
hope it will inspire more research into 3D generation lever-
aging the knowledge in both 2D and 3D data.
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