
Supplementary Materials to
“Progressive Rendering Distillation: Adapting Stable Diffusion for

Instant Text-to-Mesh Generation without 3D Data”

The contents of this supplementary file include:
• Progressive Rendering Distillation pseudo code (referring to Sec. 3.2 in the main paper).
• More implementation details (referring to Sec. 4.1 in the main paper).
• Additional qualitative comparisons (referring to Sec. 4.2 in the main paper).
• Additional results with expanded training corpus (referring to Sec. 4.2 in the main paper).
• Additional ablation experiments (referring to Sec. 4.3 in the main paper).

1. Pesudo Code
The pseudo-code of our Progressive Rendering Distllation (PRD) training scheme is appended in Algorithm 1.

2. More Implementation Details
Dual rendering. We integrate DiffMC [15] for mesh rasterization and NeuS [14] for volume rendering to supervise the
generation of 3D outputs. Such a dual rendering approach can ensure the training stability: when SDF values are all positive
or all negative throughout the 3D space and thus the mesh extraction fails, volume rendering can still guide the training
process to optimize the 3D space. Due to memory constraints, volume rendering is limited to low resolution (128 × 128).
We complement this with high-resolution (512 × 512) mesh rasterization. To handle mesh extraction failures caused by the
uniformly distributed SDF signs, we implement the method proposed in [18] to artificially enforce the position of zero-level
set in the 3D space. We manually control gradient magnitudes during backpropagation. The gradient of volume rendered
multi-views with respect to the texture decoding MLP starts at 1.0 and linearly decreases to 0.01 at the end of training,
preventing from blurry textures caused by low-resolution volume rendering supervision. The gradient of mesh rasterized
multi-views with respect to both the SDF decoding MLP and deformation decoding MLP is fixed at 0.001 throughout training,
which stabilizes training and improves generation performance.

Training objective. With the multi-view teacher [9–11], we decode the multi-views xπ to latent zπ , which are diffused
by adding Gaussian noise at timestep t [3], denoted by zπ,t. We write the diffusion module of the multi-view teacher as
zϕ2D (zπ,t; t, π, y) to represent the process of noise prediction and latent denoising, where y is the text prompt. With ASD
[6], the derivative of the objective with respect to the 3D generator ϕ3D is:

∇ϕ3DLϕ2D (xπ;π, y) = Et,ϵ,∆t

[
ω(t)

(
zCls
ϕ2D (zπ,t; t, π, y)− zϕ2D (zπ,t+∆t; t+∆t, π, y)

) ∂zπ

∂ϕ3D

]
, (1)

where ϕ2D denotes the teacher model parameters, t is sampled from U [TMin, TMax] with 0 < TMin < TMax < T = 1000, and
Cls indicates classifier-free guidance (CFG) [2]. By introducing a timestep shift ∆t [6] sampled from a uniform distribution
U [0, η(t − TMin)], ASD achieves more effective training of the native 3D generator. We utilize the timestep-dependent
weighting factor from DMD [20], as implemented in [13, 16]. We let

ω(t) =
1

NoGrad(Mean(zπ − zCls
ϕ2D (zπ,t; t, π, y))) + δ

, (2)

where NoGrad detaches gradients for loss back-propagation, and Mean applies L1-norm across height, width, channel
dimensions and all rendered views. Unlike [13, 16, 20], we add constant δ = 0.1 to the denominator, which stabilizes
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Algorithm 1 Progressive Rendering Distillation (PRD)
Input: SD-based native 3D generator with zϕ3D and Dϕ3D ; score distillation objective Lϕ2D parameterized by multi-view

diffusion model ϕ2D; prompt corpus Sy; number of rendered views N ; number of steps K
1 Initialize optimizer Opt for zϕ3D and Dϕ3D

2 Define fixed timesteps T = t1 > t2 > · · · tK > 0
3 while not converged do
4 Sample text prompt y ∈ Sy
5 Sample ẑ0 ∼ N (0, I)
6 for t← t1 to tK do
7 Sample ϵ ∼ N (0, I)
8 zt ← αtẑ0 + σtϵ
9 ẑ0 ← zϕ3D(zt; t, y)

10 θ̂ ← Dϕ3D(ẑ0)
11 Sample K camera poses π1, . . . , πN

12 for i← 1 to N do
13 xπi

← g(θ̂, πi)
14 end
15 L← Lϕ2D (xπ1 , . . . ,xπN

;π1, . . . , πN , y)

16 Save 1
K∇ϕ3DL in Opt

17 end
18 Update zϕ3D and Dϕ3D with gradient saved in Opt

19 end
20 return zϕ3D and Dϕ3D

Figure S1. Qualitative comparison with PI3D [5]. Figure S2. Qualitative comparison with HexaGen3D [7].

training and improves generation performance. We apply this objective function to supervise 3D outputs using three teacher
models (SD, MV, RD) and two rendering pipelines (volume rendering and mesh rasterization). Regarding the sampling
range of timestep t, TMax = 980 throughout training, while TMin starts at 500 and linearly decreases to 20. Teacher-specific
hyperparameters vary: RD uses CFG=20 and η = 0.1; MV uses CFG decreasing from 20 to 10 and η = 0; SD uses CFG=5
and η = 0. Setting η = 0 for multi-view teachers that supervise RGB renderings aligns with the findings in PiSA-SR [13].
Additionally, we incorporate regularization terms during training, such as sparsity loss [8] and eikonal loss [19]. We linearly
reduce the sparsity and eikonal loss weights from 1 to 0 throughout the training process.

Noise schedule. The PRD training incorporates progressive noise addition to the denoised latents (see Line 8 in Algo-
rithm 1). Being adapted from SD [10], our native 3D generator follows the DDPM [3] noise schedule in training. During
inference, we employ DDIM [12].

2



Figure S3. Qualitative comparison with LATTE3D [17].

3. More Qualitative Comparison Results
Comparison with methods adapting SD as native 3D generators. Since the codes or trained models of current SD-based
native 3D generators [5, 7] are not publicly available, we conduct our comparisons by using their visual results presented in
the original publications. The qualitative comparisons with PI3D [5] and HexaGen3D [7] are presented in Fig. S1 and Fig. S2,
respectively. As both the two compared methods employ data-driven training, they inherit pose inconsistencies existed in the
3D training datasets [1], leading to the issue of occasional pose misalignment. This can be clearly observed from PI3D’s
result of ‘A dalmatian wearing a fireman’s hat’ shown in Fig. S1, where the dog is oriented sideways. The comparison
results demonstrate our method’s superior visual fidelity with the input prompts. These improvements are attributed to our
proposed Progressive Rendering Distillation (PRD) scheme, which utilizes multi-view teachers in training without requiring
3D training data.

Comparison with native 3D generators trained with score distillation. We further compare our approach with existing
methods that employ score distillation for native 3D generator training. Specifically, we compare against the current state-of-
the-art method, LATTE3D [17]. Since the code or model of LATTE3D is unavailable, we conduct qualitative comparisons
using their published results. The visual comparisons are presented in Fig. S3. It can be seen that our method demonstrates
notable improvements in both texture fidelity and geometric accuracy. For example, in ‘A blue tulip’, our model captures more
natural flower textures, while in ‘A pile of dice on a green tabletop’, our model achieves more precise geometric structures.
These improvements can be attributed to our strategic adaptation of SD as the backbone architecture, which allows our model
to leverage its powerful generative capabilities.

4. Expanding Training Corpus
Since our proposed training scheme does not require 3D ground truth data, it can be easily up-scaled to a large amount of
text prompts. We collect a total number of 1.7 million text prompts from HuggingFace that were used to generate images by
DALL-E and Midjourney. This corpus has more unnatural prompts than the Objaverse [1], and it is more challenging. To the
best of our knowledge, our work is the first that can process more than 1 million training data. Our model, trained on this
expanded dataset, achieves enhanced visual quality, as demonstrated in Fig. 1 in the main paper and Fig. S4, Fig. S5 in this
supplementary file.

C.S. ↑ R@1 ↑
w/o SD 63.0 20.1
w/o MV 67.4 25.9
w/o RD 41.5 11.4

w/ All (Proposed) 68.2 32.3

Table S1. Ablation study on jointly using SD, MV and RD as multi-view teachers.
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Figure S4. More results of our model trained with expanded corpus.
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