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In this supplementary document, we will discuss more
implementation details (Sec. A), show more baseline com-
parisons (Sec. B) and qualitative results (Sec. C), and list
the prompts used for user study (Sec. D).

A. Implementation Details

Camera sampling. During optimization, we randomly
sample camera poses to render full-body avatars from dif-
ferent views as well as zoom-in images of various body
parts. Specifically, we randomly sample camera poses
from a spherical coordinate system with radius 3.5, ele-
vation range [—10°,45°], and y-axis field of view range
[—26°, 45°] for full-body renderings. To encourage detailed
body parts generation, we manipulate cameras to render
zoom-in images for the face, back head, arms, upper body,
and lower body. During training, we evenly sample differ-
ent body parts and the full body renderings.

Training. For each prompt, we optimize the avatar for
20000 iterations with the Adam optimizer. The learning
rates for different learnable parameters discussed in Sec. 4.3
of the main paper are listed in Table I below. We train
the avatar in natural pose 6y for 3000 iterations before
introducing random pose 64 sampled from the CMU mo-
tion capture database' using the SMPL-X parameters from
AMASS [8]. Starting from the 5000th iteration, we manip-
ulate cameras to render zoom-in images for specific body
parts (e.g., face, hands, upper body, efc.) to facilitate learn-
ing intricate detail in these parts. The total training takes
approximately 3 hours for each avatar on an NVIDIA RTX
3090Ti.

Parameter Learning rate
Gaussian local positions {p}, } 0.00016
Gaussian attribute field H 4 0.001
SDF S, 0.0001
opacity kernel parameters {~, A} 0.001
primitive motion corrective networks  P,,, d Ry, 6.5, 0.0001
the SMPL-X shape parameters 3 0.0003

Table 1. Learning rates for different parameters.

htp://mocap.cs.cmu.edu/

Network architecture. For the implicit Gaussian at-
tribute field discussed in Sec. 4.1 in the main paper, we
adopt a hash-encoded feature grid with 8 levels, where the
base resolution is 16 x 16 x 16. The feature grid is followed
by three MLP layers that output a 55-dim vector including
the scaling, rotation, and spherical harmonics features of
the 3D Gaussian. For the SDF discussed in Sec. 4.2 in the
main paper, we utilize a similar design as the Gaussian at-
tribute field. Specifically, we use another hash-encoded fea-
ture grid with 16 levels and a base resolution of 16 x 16 x 16.
The feature grid is followed by three MLP layers that output
the SDF value of the 3D Gaussian, which is then converted
to its opacity value using the opacity kernel «. During train-
ing, we initialize each primitive with 64 Gaussians lying on
a4 x 4 x 4 grid within the primitive and use the densifica-
tion process (see Sec. 4.3 in the main paper) to adaptively
change the total Gaussian number as discussed in [5]. We
also pretrain the Gaussian implicit fields to have an initial
scale of 4mm in the world coordinate system.

B. Additional Baseline Comparison

We provide additional qualitative comparisons with
DreamWaltz [3], AvatarCraft [4], AvatarCLIP [2], Dream-
Gaussian [9], Fantasia3D [1], TADA [7] and DreamHu-
man [6] in Fig. 1, 2, 3, 4, 5, 6 and 7, respectively. We note
that DreamWaltz, DreamGaussian, TADA and DreamHu-
man are all concurrent text-to-3D avatar works. To ensure
the best performance of the baselines, we use publicly avail-
able code and default hyper-parameters for each baseline
except for DreamHuman, whose code is not available yet.
Thus, we compare with the avatars downloaded from the
project website”. Overall, our method is not only more ro-
bust to various prompts, but also shows more intricate and
realistic details compared to all the baseline methods.

C. Additional Qualitative Results

We showcase more characters generated by GAvatar in
Fig. 8 and 9, demonstrating the robustness and generaliza-
tion of the proposed method.

2htps://dream-human.github.io/
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DreamWaltz Gavatar (Ours) DreamWaltz Gavatar (Ours)
Figure 1. More comparisons with DreamWaltz [3].



Goku A professional boxer.

A policewoman.

/ﬁ\{é @

A clown. A framer.

A viking. An American soldier from world war 2

A person in a diving suit. Kobe Bryant.

)

®

J

AvatarCraft Gavatar (Ours) AvatarCraft Gavatar (Ours)
Figure 2. More comparisons with AvatarCraft [4].
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Figure 3. More comparisons with AvatarCLIP [2].
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Figure 4. More comparisons with DreamGaussian [9].
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Figure 5. More comparisons with Fantastia3D [1].
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Figure 6. More comparisons with TADA [7].
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DreamHuman Gavatar (Ours) DreamHuman Gavatar (Ours)
Figure 7. More comparisons with DreamHuman [6].
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Figure 8. More results by GAvatar.
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Jeff Bezos in a space-themed t-shirt Lady Gaga in a unique and bold outfit
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Figure 9. More results by GAvatar.



D. User Study Prompts

For fair comparisons, we use the following 24 prompts com-
monly used by various baselines in the user study.

A professional boxer.

Morty Smith.

A person in a diving suit.

An American soldier from World War 2.
Goku.

Rick Sanchez.

A person dressed at the Venice carnival.
A medieval European king.

An elderly man wearing a beige suit.
Kobe Bryant.

A man wearing a white tank top and shorts.
A policewoman.

A black female surgeon.

A viking.

Oprah Winfrey.

A bedouin dressed in white.

A framer.

A clown.

Jane Goodall.

Homer Simpson.

Kristoff in Frozen.

Luffy in one piece.

Spiderman.

Jeff Bezos.
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