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A Algorithm

We provide the algorithm for TraCe in Algorithm 1.

Algorithm 1 Trajectory-Centric Distillation (TraCe)

Require: LoRA params ϕ, 3D params θ, prompt y, camera pose c, renderer g, pre-trained model ϵ,
LoRA model ϵϕ, noise schedule parameters (βt, σt, σ̄t, ᾱt), weighting w(t).

1: for i ∈ {0, . . . , N − 1} do
2: Render 3D structure θ at pose c to get 2D view xrndr ← g(θ, c)
3: Randomly sample timestep t′ ∼ U(0.02, 0.7) for stage 1, and t′ ∼ U(0.02, 0.5) for stage 2
4: Calculate predicted target image xpred

0 =
(
xrndr −

√
1− ᾱt′ ϵpretrain(xrndr, t

′, y)
)
/
√
ᾱt′

5: Sample timestep t ∼ U(0.02, 0.5) using scheduled t-Sampling
6: Sample intermediate state xt ∼ q(xt | xpred

0 , xrndr) = N (xt;µt,ΣtI)

7: θ ← θ − η1Eϵ,t,c

[
w(t)

(
ϵϕ(xt, t, y, c)− xt−xrndr

σt

)
∂xrndr
∂θ

]
8: ϕ← ϕ− η2∇ϕEϵ,t,c ∥ϵϕ(xt, t, y, c)− ϵ∥22
9: end for

B Experimental Setup

For [18] and [4], we use the official codebase; for [19], [15] and [8], we re-implement our algorithm
with their implementations on threestudio [7] by using 3DGS instead of NeRF. We initialize 3DGS
using Shap-E [2] following [18]. We use Stable Diffusion 2.1 [13] for our latent diffusion prior, and
use Stable Diffusion 2.1-v [14] for predicting noise for LoRA U-Net. We use single NVIDIA A100
GPU for each generation and run each generation for 1700 steps with learning rate of 10−3 for our
method. When generating predicted image as bridge’s one end, we sample t′ with two stages: (1)
for iteration 1 to 700: t′ is randomly sampled within [0.02, 0.7]; (2) for iteration 701 to 1700: t′ is
randomly sampled within [0.02, 0.5]. We use camera distance range [1.5,4.0] for better generation
results.

C Gradient Analysis of SDS-based Methods

Existing text-to-3D methods often rely on Score Distillation Sampling (SDS) [12], which optimizes a
3D generator g(θ) by minimizing the diffusion model’s training objective with respect to rendered
images xrender = g(θ, c). The effective gradient is

∇θLSDS ∝ Et,ϵ

[
w(t) ((−σ′

t∇xt log ppretrain(xt | y))− (−σ′
t∇xt log p(xt | x)))

∂x

∂θ

]
, (1)

where xt is x corrupted by noise ϵ at time step t. This gradient signal can be interpreted as the differ-
ence between the (scaled) score of the target distribution, −σ′

t∇xt
log ppretrain(xt | y), approximated

by the pre-trained model ϵpretrain, and the score of the noisy data distribution, −σ′
t∇xt

log p(xt | x),
corresponding to the added noise ϵ. SDS thus distills the diffusion prior by aligning these score
estimates evaluated on randomly noised samples xt.

D User Study

We conducted a user study to assess the perceptual quality of our method, TraCe, against other
approaches SDS [12], CSD [19], VSD [15], ISM [4] and SDI [8]. We use 50 diverse text prompts,
and 3D models generated by each method were rendered into videos. 60 volunteers then performed
pairwise comparisons, evaluating the videos based on 3D consistency, prompt fidelity, and photoreal-
ism by following the evaluation setup in [3]. To evaluate 3D consistency, participants were instructed
to choose the item that exhibited superior geometric coherence across multiple views, i.e., the one
with a more consistent and accurate shape. For prompt fidelity, participants were asked to select the
item that better aligned with the semantic content of the given text prompt. To assess photorealism,
participants selected the item that displayed finer textures and a higher degree of visual realism,
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resembling real-world 3D objects. Participants were also given the option to select “unknown” or
“tie” if they were unable to make a confident decision. The order of presentation was randomized.
Results in Table 1, 2, and 3 indicate a consistent user preference for the proposed TraCe, highlighting
its superior coherence, faithfulness, and visual realism.

Table 1: User Study: 3D Consistency.

Competitor Method Ours Preferred Tie Competitor Preferred
SDS 31.02% 55.50% 13.48%
CSD 42.64% 30.66% 26.70%
VSD 23.34% 44.98% 31.68%
SDI 24.80% 42.26% 32.94%
ISM 29.52% 42.38% 28.10%

Table 2: User Study: Prompt Fidelity.

Competitor Method Ours Preferred Tie Competitor Preferred
SDS 41.26% 22.50% 36.24%
CSD 55.46% 24.50% 20.04%
VSD 58.75% 24.97% 16.28%
SDI 75.80% 16.04% 8.16%
ISM 42.68% 21.78% 35.54%

Table 3: User Study: Photorealism.

Competitor Method Ours Preferred Tie Competitor Preferred
SDS 61.88% 15.16% 22.96%
CSD 72.25% 16.28% 11.47%
VSD 88.44% 5.40% 5.16%
SDI 76.70% 8.04% 15.26%
ISM 67.44% 12.92% 19.64%
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E Additional Quantitative Comparisons

To provide a more granular assessment beyond the overall GPTEval3D score, we present a detailed
breakdown of its sub-metrics in Table 4. This qualitative comparison evaluates our 3D Gaussian Splat-
ting results against baselines across five key categories. TraCe demonstrates superior performance in
the majority of these detailed evaluations, achieving the top scores in Plausibility (1025.42), Texture
Details (1031.98), Geometry Details (1014.03), and Text-Geometry Alignment (1024.45). While sds
obtains a strong score in Text-Asset Alignment, TraCe remains highly competitive and exhibits the
most robust profile across all metrics. This detailed analysis underscores TraCe’s ability to generate
3D assets that are not only realistic but also excel in geometric fidelity and textural richness.

Table 4: Quantitative comparisons of TraCe using 3D Gaussian Splatting under GPTEval3D
evaluation.

Method Plausibility Texture
Details

Geometry
Details

Text-Asset
Alignment

Text-Geometry
Alignment

sds (11min) 953.43 1022.40 1003.04 1038.08 1023.93
vsd (17min) 1020.81 985.59 996.29 993.04 1006.36
csd (11min) 1009.29 953.43 984.24 1024.24 950.82
sdi (10min) 1002.51 949.00 970.09 981.04 973.58
ism (20min) 1003.79 951.63 998.94 1007.07 989.78
TraCe (ours, 14min) 1025.42 1031.98 1014.03 1032.41 1024.45

Table 5: Quantitative comparisons of TraCe using 3D Gaussian Splatting under GPTEval3D
evaluation for new comparison methods Consistent3D and Dreamer XL.

Method Plausibility Texture
Details

Geometry
Details

Text-Asset
Alignment

Text-Geometry
Alignment

Consistent3D [17] (14min) 981.48 1001.88 1013.99 986.38 995.42
Dreamer XL [9] (~1h) 1005.58 997.22 1002.94 1032.20 1012.37

Table 6: Quantitative comparison under ImageReward evaluation for new comparison methods
Consistent3D and Dreamer XL.

Method ImageReward ↑
Consistent3D [17] (~1h) -0.8838 ± 0.5142
Dreamer XL [9] (~5h) -0.6737 ± 0.4098
TraCe (ours, ~3.5h) -0.4533 ± 0.4635
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F Further Studies on CFG Value

Figure 1: Ablation Study of Classifier-Free Guidance (CFG) Value (w) on CLIP Score. This
figure illustrates the performance of TraCe, measured by CLIP Score (ViT-B/32), as the CFG value
(w) is varied across four different text prompts. The plots indicate that optimal or near-optimal CLIP
scores are generally achieved within a moderate CFG range (e.g., 10-30), with performance often
plateauing or slightly decreasing at higher CFG values.

G Generalization to NeRF

While the primary experiments in our main paper focus on 3D Gaussian Splatting (3DGS) for its
high-fidelity rendering and fast optimization, our proposed Trajectory-Centric Distillation (TraCe) is
a general optimization framework. It is readily applicable to other differentiable 3D representations,
such as Neural Radiance Fields (NeRF) [10]. In this section, we demonstrate the efficacy of TraCe
when applied to NeRF, using the same experimental setup as our 3DGS experiments but substituting
the 3D representation.

Quantitative Evaluation. We conduct a quantitative comparison of TraCe (using NeRF) against
the widely-used baselines, SDS [12] and VSD [15]. We evaluate all methods using GPTEval3D
(leveraging GPT-4o) and ImageReward. As shown in Table 7, TraCe significantly outperforms both
baselines across every metric in the GPTEval3D evaluation. Notably, TraCe achieves the highest
Overall score (1179.86), surpassing VSD (1012.50) and SDS (1000.00). This trend holds for all sub-
metrics, including Plausibility (1289.89), Texture Details (1127.06), and Geometry Details (1228.94),
indicating a superior generation of realistic and detailed 3D assets. This superior performance is
further validated by the ImageReward evaluation, presented in Table 8. TraCe achieves the best
ImageReward score (-0.4533), a substantial improvement over VSD (-0.6737) and SDS (-0.8838). In
terms of computational cost, TraCe (at ∼3.5 hours) provides a much better quality-to-time trade-off
than VSD (∼5 hours) and, while slower than the rapid SDS (∼1 hour), it delivers vastly superior
results as confirmed by both quantitative metrics.

Qualitative Evaluation. In Figure 2, we present a qualitative comparison for the prompt "a
croissant". This visualization highlights the clear qualitative advantages of TraCe when applied
to NeRF. Our method generates a high-fidelity rendering with well-defined geometry and a clean,
coherent alpha mask. This stands in contrast to failure modes observed in baseline methods, such as
the severe geometric noise and artifacting seen in the center example.
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Table 7: Qualitative comparisons of TraCe using NeRF under GPTEval3D evaluation.

Plausibility Texture
Details

Geometry
Details

Text-Asset
Alignment

Text-Geometry
Alignment Overall

SDS (~1h) 1000.00 1000.00 1000.00 1000.00 1000.00 1000.00
VSD (~5h) 1261.80 1058.73 1152.00 1246.37 1180.56 1012.50
Trace (ours, ~3.5h) 1289.89 1127.06 1228.94 1284.60 1245.06 1179.86

Table 8: Quantitative comparison under ImageReward evaluation.

Method ImageReward ↑
SDS (~1h) -0.8838 ± 0.5142
VSD (~5h) -0.6737 ± 0.4098
TraCe (ours, ~3.5h) -0.4533 ± 0.4635

Figure 2: Qualitative comparison on NeRF for "A delicious croissant". Left: SDS; Middle: VSD;
Right: TraCe.
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H 2D Experiments

SDS CSD

VSD Ours

Figure 3: Text-to-image generation results with COCO Captions. Our method (“Ours”) is
compared with SDS [12], CSD [19], and VSD [15]. The visual examples demonstrate our model’s
improved image quality.

Figure 3 provides a qualitative comparison of our method against SDS [12], CSD [19], and VSD [15]
on text-to-image generation using COCO Captions 2. Visual inspection reveals that SDS [12] often
introduces noise and lacks fine-grained detail. CSD [19] tends to produce stylized outputs, potentially
sacrificing photorealism for artistic effect. While VSD [15] shows improved coherence, it can yield
results with reduced sharpness and vibrancy. In contrast, our proposed method consistently generates
images with enhanced visual fidelity, clarity, and detail. For example, across diverse subjects such as
animals, food items, and human figures in scenes, our approach yields more realistic textures, sharper
details, and more naturalistic overall compositions compared to other methods. These results suggest
our model’s superior capability in capturing complex image statistics and generating high-quality,
coherent images from textual descriptions, beyond the 3D generation realm.

2https://cocodataset.org/#explore
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I More Results of Gradient and Intermediate Rendering Comparison

Current 
rendering

Current 
rendering

Target 
(predicted) 

image

Standard 
SDS

gradient

TraCe 
(ours)

gradient

Target 
(predicted) 

image

Standard 
SDS

gradient

TraCe 
(ours)

gradient

Figure 4: Gradient and intermediate rendering comparison. Note the reduced artifacts and
potentially more coherent structure in the TraCe gradients and intermediate renderings.

To further investigate the optimization dynamics, we visualize and compare the gradients derived
from our TraCe framework against those from standard SDS [18] in Figure 4. Across various
examples, the gradients produced by SDS [18] (third column) often appear noisy and diffuse, lacking
clear structural definition that aligns with the target (predicted) image (second column). In contrast,
the gradients generated by TraCe (fourth column) consistently exhibit a notably cleaner and more
discernible structure. These TraCe gradients demonstrate significantly enhanced coherence with the
features of the target image, suggesting more direct and effective guidance. This improved gradient
quality contributes to TraCe’s ability to optimize 3D representations with greater fidelity and reduced
artifacts, as the optimization is steered by more precise and relevant guidance at each step.

J Diversity of the Generations

We assess the generation diversity of TraCe in Figure 5. For prompts like “a zoomed out DSLR
photo of an amigurumi motorcycle” or “an overstuffed pastrami sandwich”, TraCe produces multiple
distinct 3D instances, showcasing variations in geometry, structure, and style. These results indicate
TraCe’s ability to sample varied, plausible 3D assets from the conditional distribution. Notably, while
TraCe demonstrates useful diversity, this aspect is not presented as a significant advancement, which
aligns with that typically reported by other score distillation-based methods [12, 15, 8].
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Figure 5: Generation diversity of TraCe. Our method produces varied 3D assets from text
prompts—“a zoomed out DSLR photo of an amigurumi motorcycle” (top) and “an overstuffed
pastrami sandwich” (bottom).

K Comparisons with Native 3D Generative Models

Recent advancements in native 3D generative models have enabled remarkable generation speeds, of-
ten producing 3D assets within seconds [5, 6, 16, 1]. However, despite this rapid synthesis, the output
quality from these feed-forward models frequently remains limited, with textual coherence typically
achieved only at a coarse level. Consequently, the 3D assets generated by such Native 3D Generative
Models often cannot be directly used due to their low quality. Taking DiffSplat [5] as a prominent
example, its generated 3D assets, while produced very quickly (e.g., in approximately 14 seconds
as noted for results in Figure 6), tend to exhibit a visibly rough and low-fidelity appearance. This
characteristic trade-off between speed and quality opens an important avenue for future investigation:
the potential utility of these native 3D models as efficient initializers. Analogous to how foundational
models like Shap-E [2] or Point-E [11] are employed to generate preliminary 3D structures, these
fast native generators could provide a coarse but rapidly obtained starting point. Subsequently,
optimization-based 3D generative frameworks, such as the TraCe methodology proposed herein,
could be applied for further refinement to achieve higher levels of detail and overall fidelity. It is
noteworthy that the concept of leveraging DiffSplat for initialization followed by a refinement stage
(e.g., TraCe) is also an indicated direction in DiffSplat’s official project 3, and could be a promising
direction for future research.

3https://chenguolin.github.io/projects/DiffSplat/
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DiffSplat 
(PixArt-Sigma)

DiffSplat 
(SD3.5m)

DiffSplat 
(SD1.5)

Ours

DiffSplat 
(PixArt-Sigma)

DiffSplat 
(SD3.5m)

DiffSplat 
(SD1.5)

Ours

Figure 6: Comparisons with DiffSplat [5]. We employ three different pretrained DiffSplat models:
DiffSplat (SD1.5), DiffSplat (PixArt-Sigma), and DiffSplat (SD3.5m). DiffSplat’s assets show lower
visual fidelity than TraCe’s. For instance, DiffSplat’s teacups are often simplistic or imperfect, while
TraCe renders highly detailed, vibrant versions. Similarly, its hotdogs lack the textural richness of
TraCe’s. This trend of superior detail and complexity in TraCe’s results is consistent across examples.
While DiffSplat is faster, these comparisons highlight the enhanced quality achieved by TraCe’s
optimization-based, direct transport trajectory approach.

10



L More Qualitative Comparisons

a candelabra with many candles on a red velvet tablecloth.

a crab, low poly

a delicious croissant

a blue lobster

a ladybug

GaussianDreamer Ours

Figure 7: Qualitative Comparisons with GaussianDreamer [18] (SDS) (left) and TraCe (right).11



A gothic cathedral with stained glass windows and tall arches

A stack of pancakes covered in maple syrup.

a sea turtle

A zoomed out DSLR photo of an amigurumi motorcycle.

A sliced pomegranate.

ProlificDreamer Ours

Figure 8: Qualitative Comparisons with ProlificDreamer [15] (VSD) (left) and TraCe (right).

12



A chipped porcelain teacup with a saucer, featuring a faded gold rim and a delicate rose illustration.

a pineapple

a tiger

a banana peeling itself

a cake covered in colorful frosting with a slice being taken out, high resolution

Score Distillation via Inversion Ours

Figure 9: Qualitative Comparisons with Score Distillation via Inversion [8] (SDI) (left) and
TraCe (right).
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a lion's mane jellyfish

a mug of hot chocolate with whipped cream and marshmallows

a hotdog

a delicious chocolate brownie dessert with ice cream on the side

Classifier Score Distillation Ours

Figure 10: Qualitative Comparisons with Classifier Score Distillation [19] (CSD) (left) and
TraCe (right).
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a beautiful rainbow fish

a shiny red stand mixer

an overstuffed pastrami sandwich

A golden globe, low poly

LucidDreamer Ours

Figure 11: Qualitative Comparisons with LucidDreamer [4] (ISM) (left) and TraCe (right).
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