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A Implementation Details

A.1 Model Configuration

In our TPA3D, we set N = 6 layers in the configuration of our sentence-level
triplane generators G. As for embedding text inputs, we employ the pre-trained
CLIP ViT-B/32 [8] as our encoder, keeping its weight frozen during training.
In all experiments, we employ 8 NVIDIA V100 GPUs with a batch size of 32
to train both the generator and discriminator, completing the total training
duration in approximately three days. Specifically, we use the Adam [6] opti-
mizer with β = 0.9, setting the learning rate to 0.001 for the generator and
0.002 for the discriminator. Finally, the whole model is implemented with the
PyTorch [7] framework, and we render and visualize the generated 3D objects
using Blender [2].

A.2 More Details about Datasets

In Sec. 5.1, we detail the preparation for datasets of ShapeNet [1] and OmniOb-
ject3D [10]. Specifically, we render 179,928, 162,672, 37,700, 19,200, and 9900
images with a resolution of 1024x1024 for Car, Chair, Motorbike, Vehicle, Ac-
cessory, respectively. And following the setting provided by GET3D [4], we split
the training, validation, and testing set with the ratio of 7:1:2. Note that we also
run the official implementation of TAPS3D [9] and GET3D with the same data
split for comparison.

A.3 More Details about GET3D

In Sec. 3 of our main paper, we provide a brief review of GET3D [4]. Here,
we detail the generator architecture of GET3D in Fig. A1. With modulated
convolution layers [5] (denoted as Mod Conv) conditioned on latent vectors wgeo
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Fig.A1: Detailed architecture of GET3D [4]. Referenced from the original paper
of GET3D, the design of GET3D processed the produced triplane features, where
Mod Conv denotes the generator layers in GET3D, and cgi and cti represents the i-th
geometry and texture triplane, respectively. Note that the upsampling algorithm is
bilinear upsampling.

a yellow sports car with a black
stripe down the middle of its body.

a 1950s-style Harley Davidson.
It has a red and white color scheme.

the chair is made of wood
and has a brown leather seat.

the toy truck is orange and white.
It has a crane on top of it.

the gloves are pink and have a
flower design.

a  black sneaker
with purple accents

Fig.A2: Rendered images of 3D objects and their corresponding pseudo
captions predicted by InstructBLIP [3].

and wtex, the geometry triplane cgi and texture triplane cti are generated from
each layer i. By bilinear upsampling, the triplanes can be added together with
the same resolution, and the final triplanes fg
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are used for generating the output 3D textured mesh.

A.4 More Details of Pseudo Captioning

As for the production of pseudo captions, we generate them using Instruct-
BLIP [3] with NVIDIA V100 GPUs beforehand to reduce the required compu-
tational resources during training. To elaborate, we load a pre-trained Instruct-
BLIP (Vicuna-7B) and specify the input prompt as “In the image, the back-
ground is black. Describe the design and appearance of the {category} in detail.”
Subsequently, we refine the generated pseudo captions for each rendered image
by filtering out redundant information. This involves eliminating background-
related phrases like “in the black background” and “with a black background” to
maintain focus on the geometry and texture of the 3D object. Additionally, dis-
tracting phrases such as “This is a 3D model of” or “This is a 3D rendering of”
are removed to ensure a more precise and relevant description. In Figure A2, we
sample several pseudo caption pairs with rendered RGB images of 3D objects
from ShapeNet [1] and OmniObject3D [10].
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Table A1: Ablation studies to the components in TPA blocks. Note that FID
and CLIP R-precision@5 are reported.

Method
FID # CLIP R-precision "

Car Chair Motorbike Car Chair Motorbike

Ours 18.5 38.1 77.7 80.94 38.58 24.76
w/o cross-word attn 20.4 42.4 78.7 70.94 30.96 21.36
w/o cross-plane attn 30.0 47.7 80.9 79.73 35.49 23.04
w/o TPA 32.6 51.1 82.5 68.72 26.90 20.82

(a) w/o cross-plane attention (b) w/o cross-word attention

Fig. A3: The architectures for the ablation study in Sec. B.1. (a) Without
cross-plane attention, the word features might be attended to the region with incom-
plete spatial information, which leads to a lower visual quality. (b) Without cross-word
attention, triplanes lack detailed information in the description and only contain global
information from sentence features.

B Ablation Study

Since the proposed TPA module serves as the major contribution to our TPA3D,
we conduct an ablation study on TPA blocks to quantitatively assess the impact
of this module. In addition, we also conduct an ablation study on the training
losses we introduced to analyze how training objectives in�uence the training
process. All results are presented in Table A1 and Table A2. Note that the
baseline model (i.e., w/o TPA) removes both TPAgeo and TPA tex and generates
the �nal triplanes only using sentence-level triplanes conditioned on sentence
features.

B.1 Components in TPA blocks.

To verify the function of each component in TPA blocks as our claim, we singly
remove cross-plane attention or cross-word attention in TPA blocks (as shown in
Figure A3). From Table A1, we can see that the removal of cross-plane attention
leads to a signi�cant decrease in FID. This result indicates that without the
enhancement of plane features before cross-word attention, the visual quality
severely decreases due to incomplete spatial information. On the other hand, the
removal of cross-word attention brings a large drop in CLIP-R precision. This
result veri�es that cross-word attention promotes the correspondence between
the detailed input text and the generated 3D object.
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FID # CLIP-R "

Ours 18.5 80.94
w/o TPA tex 18.6 76.85
w/o TPA geo 20.4 79.46
w/o TPA 32.6 68.72

(a) TPA geo and TPA tex (Sec. B.2)

FID # CLIP-R "

Ours (full) 18.5 80.94
w/ TPA x 3 (half) 20.1 78.07
w/ TPA x 0 32.6 68.72

(b) Block numbers of TPA (Sec. B.3)

FID # CLIP-R "

Ours 18.5 80.94
w/o L clip 56.9 56.62
w/o L mis 68.6 68.19

(c) Training objectives (Sec. B.4)

Table A2: Other ablation studies of our TPA3D on Car in ShapeNet. Note
that FID and CLIP R-precision@5 are reported.

B.2 TPA geo and TPA tex .

In order to generate textured meshes while achieving disentanglement of geome-
try and texture, TPA3D utilizes distinct branches to generate the �nal geometry
and texture triplanes. To assess the e�cacy of TPA blocks in these two branches,
we symmetrically remove TPAgeo and TPA tex and compare the results with the
full architecture and baseline model without TPA blocks. The outcomes, pre-
sented in Table A2a, reveal a slight decline in FID and CLIP R-precision when
either geometry TPA blocks or texture TPA blocks are omitted. Compared to
the baseline model without TPA, the additional TPA blocks on either branch
can still enhance visual quality and text-shape consistency.

B.3 Block Numbers of TPA.

In Table A2b, we compare models with varying numbers of TPA blocks. The
original TPA3D applies six TPA blocks across all output resolutions of the
sentence-level triplane generatorG. To explore the impact of reducing the num-
ber of TPA geo and TPA tex , we create a variant with TPA blocks only applied in
the �rst three resolutions of both the geometry and texture branches. From the
�ndings shown in Table A2b, it is evident that a reduction in the number of TPA
blocks corresponds to a decrease in both FID and CLIP R-precision metrics.

B.4 Training Objectives.

As noted in [9], training conditional GET3D [4] from scratch often results in
collapsing shapes during training. To enable end-to-end one-stage training, we
introduce additional L mis in conjunction with L clip to improve training stability
and text-shape consistency. To investigate the impact of di�erent objectives, we
conduct an ablation study on these two training losses,L mis and L clip . The re-
sults, as presented in Table A2c, reveal that the absence of eitherL mis or L clip
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Fig. A4: More text-guided 3D generation results of TPA3D. We formulate the
input prompts as �a {color} {object}� with various colors and sub-classes for generation.
Speci�cally, each column stands for a di�erent color, while each row stands for a unique
sub-class: (a) �convertible� (b) �SUV� (c) �stool� (d) �plastic chair� (e) �bicycle� (f)
�sport bike�

leads to degraded performance in both FID and CLIP R-precision. This further
validates our inclusion of additional negative pairs with mismatched text condi-
tions in L mis signi�cantly bene�ts the discriminator and enhances the stability
of training, resulting in improvement in FID and CLIP R-precision.

C More Qualitative Results

In this section, we present more qualitative results in terms of styles, subclasses,
and more detailed text prompts to showcase TPA3D's ability to produce 3D
shapes that closely align with the given text prompt.

C.1 Disentanglement of Geometry and Texture

In Figure A4, our TPA3D demonstrates its ability to disentangle geometry and
texture information, resulting in shapes and textures that match the provided
text prompt. By �xing the random seed and subclass in each row, the geometry
of the generated shapes remains nearly unchanged, showcasing precise modi-
�cations to the texture. Similarly, each column illustrates that consistent color
information can be applied to di�erent geometries, even when di�erent subclasses
are speci�ed in the text prompt. Additionally, our TPA3D can interpret rarer
colors such as�scarlet� , �light green� , �aqua�, and �indigo� , generating textures
that visually align with the given commands. In summary, our proposed TPA
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