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Abstract

Score Distillation Sampling (SDS) enables 3D asset genera-
tion by distilling priors from pretrained 2D text-to-image dif-
fusion models, but vanilla SDS suffers from over-saturation
and over-smoothing. To mitigate this issue, recent variants
have incorporated negative prompts. However, these meth-
ods face a critical trade-off: limited texture optimization, or
significant texture gains with shape distortion. In this work,
we first conduct a systematic analysis and reveal that this
trade-off is fundamentally governed by the utilization of the
negative prompts, where Target Negative Prompts (TNP)
that embed target information in the negative prompts dra-
matically enhancing texture realism and fidelity but inducing
shape distortions. Informed by this key insight, we introduce
the Target-Balanced Score Distillation (TBSD). It formu-
lates generation as a multi-objective optimization problem
and introduces an adaptive strategy that effectively resolves
the aforementioned trade-off. Extensive experiments demon-
strate that TBSD significantly outperforms existing state-of-
the-art methods, yielding 3D assets with high-fidelity textures
and geometrically accurate shape.

Code — https://github.com/XiaocatMomo/TBSD

1 Introduction
In recent years, text-to-image diffusion models have made
remarkable progress, significantly advancing the field of im-
age synthesis (Rombach et al. 2022). These models (Schuh-
mann et al. 2022), typically trained on large-scale datasets
and powered by massive parameter capacities, are capable
of generating highly realistic and detail-rich images from
simple textual descriptions. However, achieving comparable
generation quality remains technically challenging in sce-
narios with relatively scarce training data, such as 3D gener-
ation. The high demand for 3D objects in downstream tasks
like computer graphics and robotics has led to the develop-
ment of methods such as Score Distillation Sampling (SDS)
(Poole et al. 2022), which enables knowledge transfer from
pre-trained 2D diffusion models to 3D content. The core
principle of SDS is to optimize 3D representations (Kerbl
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et al. 2023; Mildenhall et al. 2021; Müller et al. 2022) such
that their rendered images approach high-probability den-
sity regions under text conditions, with supervision provided
by pre-trained 2D diffusion models. Due to this formula-
tion, these SDS-based methods (Tang et al. 2024; Chen et al.
2023; Yi et al. 2024; Zhu, Zhuang, and Koyejo 2024; Wang
et al. 2023; Lukoianov et al. 2024; Liang et al. 2024; Huang
et al. 2024a) do not require 3D data for training and can gen-
erate 3D results from various text prompts.

Despite its success, existing studies (Liang et al. 2024)
have noted that SDS exhibits an averaging effect during gen-
eration, leading to color over-saturation and overly smooth
textures. Inspired by the success of negative prompts in 2D
diffusion models, negative prompts have achieved success
in guiding models by specifying “content not to generate”
(Ban et al. 2025; Armandpour et al. 2023). Thus, some stud-
ies have attempted to introduce negative prompts into score
distillation to alleviate the above issues. Existing methods
typically leverage negative prompts either as approximate
domain correction terms during early training (Katzir et al.
2023; Yu et al. 2023; McAllister et al. 2024), as an auxiliary
acceleration mechanism (Yu et al. 2023), or to guide tex-
ture optimization via source distribution estimation (Katzir
et al. 2023; McAllister et al. 2024). However, these methods
suffer from a critical trade-off: either texture optimization
remains limited, or significant improvements in texture fi-
delity come at the cost of shape distortion.

In this paper, we first conduct a comprehensive review of
existing SDS variants that incorporate negative prompts and
reveal that this trade-off is fundamentally governed by the
utilization of the negative prompts. Interestingly, Our anal-
ysis finds that Target Negative Prompts (TNP), which em-
bed only the target information in the negative prompts, can
dramatically enhancing the realism and fidelity of generated
textures. However, this overly focused guidance often leads
to loss of target information and subsequent global shape
distortions, which also reported in prior work (McAllister
et al. 2024).

To address this limitation, we further propose a novel
score distillation framework termed Target-Balanced Score
Distillation (TBSD). Our method formulates SDS as a
multi-objective optimization problem: one objective (shape
guidance) is optimized using the classifier-free guidance
term of standard SDS branch, while the other objective (tex-
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Figure 1: Results obtained with our Target-Balanced Score Distillation (TBSD). Top: a gallery of images optimized with TBSD.
Bottom: two rows NeRFs generated by TBSD (other examples are included in the supplementary material).

ture enhancement) is guided by the TNP branch. It intro-
duces an adaptive strategy ensuring that TBSD initially fo-
cuses more on shape optimization, enabling the model to
generate an accurate shape in the early stages. As training
progresses, the optimization gradually shifts toward the tex-
ture objective, with TBSD maintaining a good balance be-
tween shape and texture to allow texture quality to improve
while preserving essential target information. This dynamic
balancing strategy effectively resolves the aforementioned
trade-off. As shown in Figure 1, our TBSD method can pro-
duce 3D assets that preserve geometric correctness while ex-
hibiting extremely realistic and detailed textures.

Our key contributions are as follows:

• We conduct a detailed analysis of existing SDS variants
that incorporate negative prompts. We identify and ex-
plain the mechanism by which Target Negative Prompts
(TNP) enhance texture fidelity while potentially shape
distortion.

• To mitigate the shape distortion introduced by TNP,
we propose Target-Balanced Score Distillation (TBSD),
a dynamic optimization framework that simultaneously
balances shape preservation and texture realism.

• Extensive experiments across both 2D and 3D genera-
tion demonstrate that TBSD outperforms state-of-the-art
methods, achieving the generation with high-fidelity tex-
tures and geometrically accurate shape.

2 Related Works

Text-to-3D Generation. DreamFields (Jain et al. 2022)
guides NeRF (Mildenhall et al. 2021) optimization using
the pre-trained CLIP (Radford et al. 2021a) model. Dream-
Fusion (Poole et al. 2022) proposes Score Distillation Sam-
pling (SDS), which enables generation by leveraging 2D dif-
fusion models. Subsequent studies (Li et al. 2023; Chen et al.
2024, 2023; Lin et al. 2023; Yi et al. 2024; Huang et al.
2024c; Qiu et al. 2024; Liu et al. 2024; Huang et al. 2024b)
have improved SDS-based generation from multiple aspects.
Given the high reliance on SDS, addressing its issues is cru-
cial. SDS suffers from problems such as over-smoothing and
over-saturation. Additionally, it requires a large conditional
guidance scale, which further exacerbates over-saturation.
Relevant improvements include: HiFA (Zhu, Zhuang, and
Koyejo 2024) enhances performance through an iterative
process and the introduction of additional loss terms; Pro-
lificDreamer (Wang et al. 2023) proposes Variational Score
Distillation (VSD) to alleviate issues like over-saturation;
Consistent3D (Wu et al. 2024) presents Consistency Distil-
lation Sampling to reduce over-smoothing and other prob-
lems; LucidDreamer (Liang et al. 2024) introduces Interval
Score Matching (ISM) to optimize results and recent studies
(Katzir et al. 2023; Yu et al. 2023; McAllister et al. 2024;
Huang et al. 2024a; Yang et al. 2023; Alldieck, Kolotouros,
and Sminchisescu 2024; Yan, Chen, and Wang 2025; Zhuo
et al. 2024) have also proposed other improvement methods
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for SDS. However, these methods have limitations, such as
imposing significant computational burdens or yielding lim-
ited performance improvements.
SDS with Negative Prompts. Among SDS-related meth-
ods, NFSD (Katzir et al. 2023) uses negative prompts to
assist in extracting δD. For time steps t>200, it approxi-
mates δD by calculating the difference between noise under
the null condition and noise under the negative text condi-
tion, and constructs a noise-free loss to improve generation
quality without the need for a large guidance scale. CSD
(Yu et al. 2023) leverages negative prompts to achieve dual-
objective optimization, driving the model to approach the
target prompt and move away from negative states, thereby
accelerating training and improving quality. Bridge (McAl-
lister et al. 2024) uses negative prompts to represent the
starting point of the Schrodinger bridge, alleviating the prob-
lem of inaccurate optimization starting points and enhancing
the clarity of generated results. However, these methods fail
to fully utilize the potential of negative text, with limited
effectiveness or other issues such as shape distortion. This
paper focuses on fully exploiting the advantages of negative
prompts.

3 Analysis of Negative Prompts-based SDS
Variants

3.1 Revisiting SDS and its variants
Score Distillation Sampling (SDS). SDS leverages a pre-
trained text-to-image diffusion model ϕ to guide the 3D
representation parameterized by θ. Specifically, for a given
camera pose π, x = g(θ;π) represents the image rendered
by the differentiable rendering function g. The SDS loss en-
sures that images obtained via g from any viewpoint are
aligned with the prompt y, and its form is as follows:

∇θLSDS = Et,ϵ,π[w(t)(ϵϕ(xt; y, t)− ϵ)
∂x

∂θ
] (1)

w(t) serves as a weighting function, with xt standing
for a noisy variant of x, which we denote as δSDS :=
ϵϕ (xθ,t;∅, t) − ϵ. In practical implementation, Classifier-
free guidance (CFG) is utilized in SDS. Specifically, δSDS

with CFG is expressed as:
δSDS =ϵϕ (xθ,t;∅, t)− ϵ +

s · (ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t;∅, t))︸ ︷︷ ︸
δcls

(2)

Noise Free Score Distillation (NFSD).
δNFSD = s · (ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t;∅, t)) +

(ϵϕ (xθ,t;∅, t)− (t < 0.2) · ϵϕ (xθ,t; yneg, t))
(3)

NFSD leverages the negative prompt terms to approximate
domain correction, enabling noise-free score distillation.

Classifier Score Distillation (CSD).
δCSD =w1 · (ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t;∅, t)) +

w2 · (ϵϕ (xθ,t;∅, t)− ϵϕ (xθ,t; yneg, t))
(4)

CSD gradually reduces w2 mitigates the negative effects of
the latter to improve texture quality, fidelity, and alignment
with the target prompt.

Bridge.
δBridge = w · (ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t; ytnp, t)) (5)

Bridge improves source distribution estimation by using
negative prompts to describe image corruptions.

The trade-off of these variants. In practice, both NFSD
and CSD outperform SDS, but the improvement is limited.
Bridge achieves a significantly larger improvement over
SDS and can generate rich, clear textures and realistic col-
ors, though it introduces shape distortions. This reflects a
clear trade-off: texture optimization either remains limited,
or significant improvements in texture fidelity come at the
cost of shape distortion. Although these variants analyze
SDS from different perspectives and use negative prompts
for optimization, they can all be transformed into the same
structure. NFSD and CSD share an identical structure, to
better understand the differences between Bridge, NFSD,
and CSD, we reformulate Bridge into a structure consistent
with the latter two, as in Equation 6.

δBridge =w · (ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t;∅, t)) +

w · (ϵϕ (xθ,t;∅, t)− ϵϕ (xθ,t; ytnp, t))
(6)

By comparing Equations 3, 4, and 6, our comparative exper-
imental analysis reveals that this trade-off is fundamentally
governed by the utilization of negative prompt. Details of the
comparative analysis are provided in the supplementary ma-
terial. Specifically, Bridge adopts Target negative prompts
(TNP), which contain target information. The form of ytnp
is:

ytnp = ytgt + yneg (7)
For example, if ytgt is “An ice cream sundae” and yneg
is “, oversaturated, smooth, pixelated...”, then ytnp is “An
ice cream sundae, oversaturated, smooth, pixelated...”. To
avoid ambiguity, negative prompts lacking target informa-
tion will be uniformly referred to as “General Negative
Prompts (GNP)” hereafter.

3.2 The Impact of Target Negative Prompts
SDS optimizes 3D parameters indirectly by refining ren-
dered images of 3D models, which is essentially an opti-
mization of 2D images. In order to analyze why TNP can
promote the generation of clear colors while causing shape
distortions, we visualize the latter term of this structure (i.e.,
δpost) in Equations 3, 4, and 6, along with classifier-free
guidance terms (i.e., δcls) and Bridge gradients (i.e., δBridge).
The form of δpost is:

δgnppost = ϵϕ (xθ,t;∅, t)− ϵϕ (xθ,t; ygnp, t)

δtnppost = ϵϕ (xθ,t;∅, t)− ϵϕ (xθ,t; ytnp, t)
(8)

As shown in Figure 2, δgnppost acts globally on the whole
image, δtnppost acts more focused on the target information in
the image and can more accurately suppress negative states
in the target region, which is referred to as the focused sup-
pression effect. Furthermore, a comparison between δBridge

and δcls reveals that the target information in δBridge is rel-
atively vague, which reflects the target information loss
caused by TNP. This loss impairs the concentration of gra-
dients on target regions, thereby leading to shape distortion.
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Figure 2: Visualization of δgnppost, δtnppost, δcls and δBridge. Top-row images are generated by TBSD. Visualization is done by
decoding each δ with the VAE decoder of Stable Diffusion.

3.3 Analysis of these Variants
From the perspective of negative prompts, NFSD and CSD
employ GNP, whose suppression of negative states fails to
focus on the target itself, limiting texture improvement. In
contrast, Bridge uses TNP, which accurately focuses on and
suppresses negative states in target regions to effectively op-
timize textures but causes target information loss, thereby
leading to shape distortion. To achieve generated results with
clear textures and stable shapes, we need to leverage TNP for
texture optimization while enhancing protection of target in-
formation.

4 Method
From the aforementioned analysis, TNP’s core focusing sup-
pression effect enhances the realism and detail clarity of tex-
ture generation by accurately suppressing negative states in
the target region. However, it also leads to shape distortion
of the generated object due to the loss of target information.

To address this issue, an intuitive solution is to inject
target information into the optimization gradient to sup-
plement geometric constraints. The classifier-free guidance
term in SDS maximizes the difference in target informa-
tion through the gap between the target prompt and empty
prompt, thereby effectively providing target information.
Based on this, we introduce this guidance term into the opti-
mization framework of TNP and control the injection inten-
sity of target information by adjusting its coefficient a (see
Equation 9).

δx(xt; y, t) =ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t; ytnp, t)

+ a · δcls
(9)

We inject target information of varying intensities into the
TNP optimization process. As shown in Figure 3 (a), when
the value of a is small, the generated results exhibit clear
textures but distorted shapes. when a is too large, the shape

becomes accurate but the texture appears overly saturated in
color. This indicates that a fixed coefficient a fails to achieve
a proper balance between texture and shape.

To address this problem, we propose Target-Balanced
Score Distillation (TBSD), inspired by Multiple-Gradient
Descent Algorithm (MGDA) (Désidéri 2012). TBSD formu-
lates the generation task as a multi-objective optimization
problem, with shape (δs) and texture (δt) as the two objec-
tives. Since the classifier-free guidance term provides suffi-
cient target information and TNP, with its focus-suppression
effect, enables realistic and vivid texture optimization, the
optimization objective is defined as in Equation 10.

δs = ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t;∅, t)

δt = ϵϕ (xθ,t; ytgt, t)− ϵϕ (xθ,t; ytnp, t)
(10)

The cosine similarity between the texture and shape ob-
jectives is always positive, indicating that they share a sim-
ilar optimization direction. In this case, MGDA tends to fa-
vor the objective with a smaller gradient norm if the other is
significantly larger. Based on this property and the progres-
sive nature of 3D generation, we observe that a good initial
shape helps guide later optimization and improves final qual-
ity. Therefore, we introduce a dynamic weighting factor for
the texture objective, as shown in Equation 11.

δtd = factor(t) · δt
factor(t) = max(α · (1− t/β), γ)

(11)

This factor starts with a large value α, decreases over time
with rate α

β , and is bounded below by γ. t is iteration step.
The factor ensures that TBSD initially focuses more on

shape optimization, enabling the model to generate an ac-
curate shape in the early stages. As training progresses, the
optimization gradually shifts toward the texture objective.
During this process, TBSD maintains a good balance be-
tween shape and texture, allowing texture quality to improve
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Figure 3: (a) Result images with varying levels of shape information controlled by coefficient a. (b) An overview of the proposed
TBSD. Solid lines indicate reachable optimization paths, while dashed lines indicate unreachable ones. The prompts used for
Figs. (a), (b) are ”A cauldron full of gold coins”, ”A pineapple”, respectively.

while preserving essential target information. Eventually, it
reaches an optimal optimization point for both shape and
texture. Based on this, the formula of TBSD is shown in
Equation 12.

δTBSD
x = µ · δs + (1− µ) · δtd (12)

Following (Sener and Koltun 2018), the multi-objectives op-
timization problem can be defined as:

min
µ,1−µ∈[0,1]

∥µ · δs + (1− µ) · δtd)∥22 (13)

This is a univariate quadratic function of µ, and considering
the value range of µ, its solution is:

µ = min

[
max

[
0,

(δtd − δs)
T δtd

∥δtd − δs∥22

]
, 1

]
(14)

As a result, TBSD effectively resolves the aforementioned
trade-off and can achieve the generation of 3D objects with
accurate shapes and high-fidelity textures. Moreover, TBSD
can be directly applied to image generation. TBSD is shown
in Figure 3 (b).

5 Experiments
We rigorously evaluate the proposed method on both 2D
and 3D generation tasks employing Score Distillation Sam-
pling (SDS), conducting comprehensive benchmarks against
SDS and domain-specific state-of-the-art baselines. Ex-
tended quantitative analyses, qualitative comparisons, and
ablation studies are detailed in the supplementary material.

5.1 Implementation Details
We implement text-based 3D generation using the threestu-
dio (Liu et al. 2023) framework. Unless specified otherwise,
all 3D models are trained with the AdamW (Loshchilov and
Hutter 2017) optimizer for 20,000 iterations, with a learn-
ing rate of 0.01. Our initial rendering resolution is gradually
increased from 64×64 to 256×256. Consistent with NFSD
(Katzir et al. 2023) and Bridge (McAllister et al. 2024), im-
plicit volumes use an object-centered initialization strategy
(Qian et al. 2023; Wang et al. 2023). All experiments employ
the pre-trained text-to-image diffusion model Stable Diffu-
sion 2.1-base (Rombach et al. 2022). Additional implemen-
tation details are provided in the supplementary material.

5.2 Text-to-3D Generation
Qualitative comparisons. Our comparison with recent
methods is presented in Figure 4. Following the same ex-
perimental protocol as NFSD (Katzir et al. 2023), Prolific-
Dreamer (Wang et al. 2023), and SDI (Lukoianov et al.
2024), we compare the 3D generation quality of this study
with previous works. Selected baseline methods include
DreamFusion (Poole et al. 2022), NFSD (Katzir et al. 2023),
ProlificDreamer (Wang et al. 2023), ISM (Liang et al. 2024),
HiFA (Zhu, Zhuang, and Koyejo 2024), and SDI (Lukoianov
et al. 2024), with all comparison results from the original au-
thors. It can be observed that our method achieves compa-
rable or better results without additional computation from
model training or multi-step optimization. More compar-
isons of text-to-3D experimental results are available in sup-
plementary material.

Quantitative Results. We perform quantitative evaluation
of generation quality following (Poole et al. 2022; Yu et al.
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Figure 4: 3D generation comparison with other methods, using their reported results. The prompts employed are “An ice cream
sundae” and “A 3D model of an adorable cottage with a thatched roof”.

Method CLIP Score(↑) User Preference (%) (↑)

SDS 29.81 2.61
VSD 33.31 11.52
HIFA 32.80 7.48
SDI 33.47 13.44
CSD 32.05 7.73

NFSD 31.89 6.56
Bridge 32.36 8.29
TBSD 33.59 42.37

Table 1: The quantitative comparison of 3D generation be-
tween our method and others.

2023; Lukoianov et al. 2024). The Clip scores in Table 1 are
computed using torchmetrics (Detlefsen et al. 2022) and the
ViT-B/32 model (Radford et al. 2021b). We test 50 views un-
der 43 prompts (Lukoianov et al. 2024). For fairness, multi-
stage methods only run the first stage. All results are com-
pared based on threestudio reproductions. It can be seen that
TBSD outperforms SDS in quality and the current state-of-
the-art method SDI (Lukoianov et al. 2024), and notably,
this improvement is achieved without multi-step optimiza-
tion. To further assess the perceptual quality of generated re-
sults, we conduct a user study comparing our approach with
baselines. As shown in Table 1, our method outperforms the
baselines in the user study. Details of the user study are pre-
sented in the supplementary material.

5.3 Ablation Studies and Analysis
Ablation study of proposed improvements. Figure 5
shows ablation study of our proposed improvements. It can
be observed that using TNP significantly improves gener-
ation quality, resulting in richer textures and more realistic,
vivid colors. Moreover, TBSD effectively resolves the trade-
off between shape and texture, ultimately producing 3D out-

Figure 5: Ablation study of proposed improvements. First
and second row results use prompts “An ice cream sundae”
and “Bagel filled with cream cheese and lox”, respectively.

puts with accurate shape and high-fidelity, realistic textures.

Negative Prompts Ablation. We explore the impact of
negative prompts in TNP on generation quality. We gen-
erate six groups of different negative prompts descriptions
via GPT-4 for comparative evaluation. In the experiment,
all other hyperparameters are kept unchanged, with only the
negative text following the target text replaced. Specific re-
sults are shown in Figure 6. No significant differences are
observed across the ablation experiments with various neg-
ative prompts in TNP, indicating that the design of the TNP
prompt format is more critical than the specific wording of
negative prompts used. Details of negative prompt variants
are provided in supplementary material.

Hyperparameter Ablation. We investigate the impact of
two tunable parameters in Equation 11 : α and β. The pa-
rameter α controls the strength of TBSD’s focus bias toward
shape optimization, while β regulates the delay in shifting
this focus toward texture. As shown in Figure 7, large val-
ues for both α and β result in a strong and persistent shape
bias, with a slow transition toward texture optimization. This
leads to generated 3D assets with oversaturated colors and
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Figure 6: Ablation study on negative prompts in TNP. These
images are generated by TBSD using TNP with varying neg-
ative prompts. The prompt is “pizza sitting on top of a pan
on a table”.

Figure 7: Ablation result of the α and β. The prompt is “Pho-
tograph of a black leather backpack”.

insufficient texture details. Only with a proper combination
of α and β can TBSD gradually and effectively shift its opti-
mization focus from shape to texture, leading to realistic 3D
outputs with sharp and detailed textures.

5.4 Text-to-img Generation
To verify our analysis of existing SDS variants and the pro-
posed method, we also conduct text-to-image generation ex-
periments by optimizing images in the Stable Diffusion la-
tent space consistent with previous studies. Compared with
text-to-3D tasks, where factors such as initialization strate-
gies, 3D representation methods, and 2D prior models can
significantly affect the final results, image generation is less
influenced by such confounding variables. To illustrate the
advantages of TBSD in 2D experiments, we selected some
MS-COCO prompts (Lin et al. 2014) for comparative dis-
play. Comparative methods include SDS, VSD, as well as

Figure 8: Text-to-image generation results using COCO
Captions. We compare various score distillation methods for
image generation with COCO captions, where images are
optimized from random initializations.

NFSD, CSD, and Bridge that take negative prompts as the
core. For each prompt, we randomly initialize the noise
and then optimize using score distillation gradients. Figure
8 shows generation examples of different score distillation
methods, SDS and CSD exhibit both over-saturation and ex-
cessive smoothness. NFSD shows an improved texture, but
still tends to be saturated. VSD and Bridge generate sam-
ples that are closest to real-world effects, but VSD suffers
from global blurriness. Although Bridge exhibits relatively
rich details, it has slight saturation issues and shape distor-
tion. In contrast, our method achieves realistic colors, rich
textures, and stable shapes, thereby outperforming these ap-
proaches. More details of 2D experiments can be seen in the
supplementary material.

6 Conclusion

In this paper, we first systematically analyze the trade-off
between texture fidelity and shape accuracy in SDS meth-
ods utilizing negative prompts and reveal that Target Neg-
ative Prompts (TNP) enhance texture realism by suppress-
ing negative states in the target region, but this strong focus
can lead to the loss of target information, resulting in shape
distortions. To address this, we introduce Target-Balanced
Score Distillation (TBSD), a novel multi-objective frame-
work that adaptively balances shape and texture optimiza-
tion by progressively shifting focus from global shape to
detailed texture refinement. Extensive experiments demon-
strate that TBSD effectively resolves the trade-off, produc-
ing 3D assets with both accurate shape and rich textures,
outperforming existing approaches. We believe that our find-
ings can offer a novel insight for the SDS community.
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