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Supplementary Material

We provide additional details of our experimental setup in
Sec. A and present further experimental results in Sec. B.
Sec. C describes additional implementation details of our
method. More qualitative results are included in the accom-
panying supplementary video.

A. More experimental details

A.1. Evaluation protocol

CLIPScore. For each 3D asset, we render eight images by
placing the camera at radius of 2 with a pitch of 30◦ and yaw
angles sampled every 45◦. We then extract CLIP features
for each rendered image and its corresponding prompt and
compute their cosine similarity. The average cosine similar-
ity over all renders and assets is reported as the CLIPScore.

VQAScore. Because the widely used CLIPScore is known
to be unreliable for complex, compositional prompts, we
additionally report a VQAScore [4]. Text–image alignment
is cast as a binary visual question answering task by con-
verting each prompt into the question: “Does this figure
show ‘{prompt}’? Please answer yes or no.” The tokenized
image and question are fed into an image–question encoder,
and an answer decoder outputs the probability of the an-
swer “Yes”. We compute VQAScores using both the CLIP-
FlanT5 [4] and ShareGPT4V [2] models and average the
predicted probabilities over all rendered views and assets,
using the same rendering settings as for CLIPScore.

A.2. User study

To assess how well different methods align with human
judgments, we conducted a user study. In each trial, a par-
ticipant was presented with a text prompt together with ro-
tating video renderings of 3D assets produced by several
competing methods, shown simultaneously. Participants
were instructed to identify the model that they judged to
best match the prompt in terms of visual fidelity and text
alignment. In total, 63 participants took part in the study;
each participant evaluated 10 distinct trials, and all choices
were logged for subsequent statistical analysis. To mini-
mize selection bias, no manual curation of candidate assets
was performed. For every participant, the 10 trials were
randomly sampled from a pool of 30 cases, and within each
trial the display order of the methods was independently
shuffled before presentation.

Figure 1. More comparisons with methods that synthesize creative
2D imagery and lift it to 3D, including FLUX.1-schnell [3] and
Stable Diffusion 3.5 [1].

B. More results

B.1. Comparison with more 2D generators
As illustrated in Fig. 1, in addition to UNO [5], we also
evaluate two additional 2D generative models, FLUX.1-
schnell [3] and Stable Diffusion 3.5 [1], on 2D creative gen-
eration and compare their quantitative performance. Across
these comparisons, our method synthesizes imaginative 3D
creatures that remain well aligned with the input descrip-
tions while achieving substantially higher visual fidelity,
structural coherence, and improved part-wise consistency.

B.2. More qualitative results
Fig. 5 illustrates additional examples of creative 3D crea-
tures generated by our method. Each 1×4 grid corresponds
to a single generated asset shown from four different views.

B.3. More application results
Fig. 2 illustrates the additional applications of our method
in geometry and texture editing. Our method enables intu-
itive, disentangled part-level 3D editing without modifying



Figure 2. More application results of Muses.

other regions. It supports flexible control over the number
of semantic parts, including heads, legs, wings, and tails.
Furthermore, by leveraging our geometrically invariant tex-
ture editing scheme, we achieve structure-aligned appear-
ance modifications that respect the underlying 3D shape.

C. More implementation details

C.1. Text-to-image

Fig. 3 illustrates the text-to-image process, including the
prompts designed for Qwen-Plus [6]. We adopt a shared
configuration of global scene settings, content constraints,
appearance rules, and negative prompts for all objects to re-
duce blurriness and artifacts in the generated images. All
animals are depicted in a side view, standing on a beach.
For birds in particular, we require that their wings be fully
spread, as occluded or folded wings frequently lead to er-
rors in subsequent skeleton generation.

Algorithm 1: Graph-based Skeleton Classification

Input : 3D assets {Xm}Mm=1, skeletons
{Gm = (Vm,Em)}Mm=1, root joints
{rm}Mm=1

Output: {Gbody
m ,Ghead

m ,Gleg
m ,Gwing

m ,Gtail
m }Mm=1

1 deg(v)← degree of v;
2 P(u⇝ v)← the shortest path from u to v;
3 Stage 1: Preprocessing & orientation calculation;
4 for m← 1 to M do
5 G̃m ← Φclean(Gm);
6 δm ← Φorient(Xm, G̃m);
7 if Φfish(G̃m, δm) = 1 then
8 Gbody

m = G̃m;
9 continue;

10 end
11 Stage 2: Leg and tail processing;
12 bm ← Φb(G̃m, rm) ; ▷ see Eq. (1)
13 Vleaf

m = {v ∈ Vm : deg(v) = 1};
14 Vlow

m = {v ∈ Vleaf
m | vy < bmy

};
15 Pm ← {P(bm ⇝ v) | v ∈ Vlow

m } ;
▷ candidate paths

16 (Gleg
m ,Gtail

m )← Φlt(Pm,bm, δm);
17 Stage 3: Body, wing and head processing;
18 dm ← Φd(G̃m, δm,bm) ; ▷ see Eq. (2)
19 Gbody

m ← P(bm ⇝ dm);
20 P′

m ← {P(dm ⇝ v) | v ∈ Vleaf
m };

21 (Gwing
m ,Gleg

m ,Ghead
m )← Φtrunk(P

′
m,dm, δm);

22 (Gfront leg
m ,Ghind leg

m )← Φfh(G
leg
m ,bm,dm) ;

▷ split legs into front / hind
23 end
24 return {Gbody

m ,Ghead
m ,Gleg

m ,Gwing
m ,Gtail

m }Mm=1;

C.2. Skeleton-guided concept design
Algorithm 1 presents the pseudocode of our algorithm for
structurally classifying skeletons into five semantic parts:
body, wings, legs, head, and tail. Fig. 6 provides a detailed
illustration of the interaction between the user and the LLM
(Qwen-Plus [6]) during LLM-guided assembly reasoning.

C.3. Geometrically invariant texture editing
We use FLUX.1 Kontext [3] for image editing, focusing on
texture generation while preserving geometric alignment.
As illustrated in Fig. 4, the “mythic and dazzling” style can
be replaced with arbitrary target styles.
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Figure 5. More results generated by Muses.



Figure 6. An example of our LLM-guided assembly reasoning process.
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