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Abstract

Score distillation sampling is an effective technique to
generate 3D models from text prompts, utilizing pre-trained
large-scale text-to-image diffusion models as guidance. How-
ever, the produced 3D assets tend to be oversaturated, over-
smoothed, and have limited diversity. These issues are a
result of a reverse Kullback–Leibler (KL) divergence objec-
tive, which makes the optimization unstable and results in
mode-seeking behavior. In this paper, we derive a bounded
score distillation objective based on Jensen-Shannon diver-
gence (JSD), which stabilizes the optimization process and
produces high-quality 3D generation. JSD can match the
generated and target distributions well, therefore mitigating
mode seeking. We provide a practical implementation of JSD
by utilizing the theory of generative adversarial networks to
define an approximate objective function for the generator,
assuming the discriminator is well-trained. By assuming
the discriminator follows a log-odds classifier, we propose
a minority sampling algorithm to estimate the gradients of
our proposed objective, providing a practical implementa-
tion for JSD. We conduct both theoretical and empirical
studies to validate our method. Experimental results on
T3Bench demonstrate that our method can produce high-
quality and diversified 3D assets. The code is available at
https://github.com/KhoiDOO/jsddreamer.

1. Introduction
Text-to-3D generation has become an impactful and leading
research field in computer vision, contributing to various
applications. Creating high-quality 3D content with view
consistency and diversity is resource-intensive, making auto-
mated 3D generation a crucial research goal. The develop-
ments in the neural radiance field [48, 91], Gaussian splat-
ting [32, 37], and multimodal latent diffusion models (LDM)
[58, 92], have driven substantial advancements in generating
imaginative 3D content from text prompts [40, 44].

A straightforward but expensive approach to generating
3D assets given a single text prompt is to train a large-scale
generative model on a large-scale 3D shape dataset. An-

other approach is to learn 3D assets by distilling from a large
pre-trained model. Score distillation sampling (SDS) uti-
lizes a pre-trained model to learn a neural network (particle),
which can synthesize different views of an object [56]. SDS
optimizes a KL divergence [68] (KLD) between Gaussian
distributions in the forward and backward processes in LDM.
Owing to the integration of a 2D pre-trained model, optimiz-
ing the KLD leads to an improved 3D representation with
more consistent views.

Nevertheless, as highlighted in [44, 78, 80], SDS tends
to produce 3D assets that are oversaturating, oversmoothing,
and lack diversity. Other existing approaches aim to produce
higher quality 3D assets by utilizing variational score distil-
lation [78, 80], multi-stage training strategies [11, 31, 45].
However, those methods are highly costly in computation,
which requires fine-tuning pre-trained models or performing
mesh extraction or texture fine-tuning.

Mode-seeking in SDS can be attributed to the asymmetry
of the KLD [68], which matches the Gaussians in the for-
ward process to modes of the score functions in a diffusion
process [56]. To mitigate this problem, one potential idea is
to symmetrize the objective function, as inspired by the litera-
ture of Generative Adversarial Networks (GANs) [3, 21, 22].
We propose to use Jensen-Shannon divergence [41] (JSD),
a bounded divergence, as our objective function. Multiple
variants of JSD exist, but it remains challenging to perform
optimizations using JSD as it requires estimating a mixture
of the probability density in JSD. Some variants of JSD allow
such estimation, such as Geometric JSD, the mixture den-
sity of which can be logarithmically derived. However, this
objective is unbounded and, therefore, unstable to optimize.
To implement JSD in practice, we aim to approximate JSD
instead. Our key insight is to define a discriminator based
on log-odds classifiers [7] and use minority sampling [73]
to perform distillation with an approximated JSD derived
via GAN criterion. We show that this technique can well
approximate JSD, leading to score distillation with improved
stability, enabling the optimization to converge to different
modes on the latent manifold.

To support our theoretical derivations, we conduct empiri-
cal analysis on a toy dataset by training a toy diffusion model
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Figure 1. Our method can improve quality and diversity generation with multiple seeds starting from a fixed initialization point.

and performing score distillation toward a specific cluster.
The obtained results illustrate that the gradient of our pro-

posed method is more stable than SDS owing to an effective
control variate, which is positively correlated with the esti-



mated noise. These experiments also show that our method
can enhance the diversity of the generated 3D objects.

We evaluate our method on the recently introduced
T3Bench [24], including a wide range of prompts for the
3D generation task. Our quantitative comparisons with state-
of-the-art text-to-3D methods show that our method can
generate high-quality 3D assets with a strong alignment with
the given prompt. Our contribution can be summarized as
follows:
• We use Jensen-Shannon divergence (JSD) for score distil-

lation and estimate JSD by leveraging GAN theories and a
minority sampling technique.

• We validate our theory with empirical experiments, train-
ing a toy diffusion model on a toy Gaussian dataset and
comparing SDS with our method, confirming the stability
and diversity of the generated samples.

• We conduct evaluations on common benchmarks and show
that our proposed method can generate high-fidelity and
diverse 3D assets.

2. Related Works

Text-to-image generation. Early text-to-image generation
is based on Generative Adversarial Networks (GAN) [21],
where images are generated conditioned on a textual in-
puts. The objective criterion in ordinary GAN is Jensen-
Shannon Divergence [41] (JSD), approximated by a min-
max game optimization. This approach results in mode col-
lapse due to the discontinuous region between the generator
and discriminator distribution [2]. To address this prob-
lem, alternative divergences [3, 22, 54, 81], multiple gener-
ators [4, 6, 12, 20, 28, 55], manifold learning [15, 42, 50],
and score matching [79, 84] are proposed to match the fake
and real distributions. Particularly, approaches that bridge
ordinary GAN and score generative models [27, 62] achieve
SOTA results by diffusing all data points to the same man-
ifold, thus making JSD continuous everywhere [79], while
metric-based distance is not always converged [46, 82]. Dif-
fusion models [58, 60, 62, 92], otherwise learn the relation-
ship between image and textual distribution via a stochastic
denoising process, improving high fidelity and diversified
generation. Recently, there has been research aiming to
improve diversity by guiding the estimated score toward
low-density regions in diffusion models [33, 72, 73].

Text-to-3D generation. 3D content can be generated by sev-
eral methods. Based on feed-forward inference, 3D content
can be generated by a reconstruction model trained on large-
scale datasets [39, 57, 66, 74, 85, 86], which comes at a cost
of extensive annotated data and computational resources.
Distillation-based methods, otherwise, optimize a 3D repre-
sentation to learn an asset aligned with the text prompts from
a pre-trained text-to-image model [30, 56]. However, these
methods are per-prompt optimization, thus requiring a large

amount of resources in time and computation. Amortized op-
timization [43, 45] trains a unified model on many prompts
and 3D asset pairs. Besides, score distillation methods also
focus on improving quality [40, 44, 70, 78, 80, 93], view
consistency [9, 31, 36, 45, 59], diversity [44, 70, 78, 80],
and faster distillation [19] of 3D asset generation. Recently,
Adversarial Score Distillation [80] (ASD) bridges Varia-
tional Score Distillation [78] (VSD) and GAN theory to
perform score distillation based on Wasserstein Probability
Flow via alternative training. However, the ℓ1 transport cost,
which restricts the discriminator (e.g., LORA [29]) to be
1-Lipschitz [34], is shown not to always converge [46, 82].
This circumstance leads to uncontrollable artifacts and low-
quality features in their results. Our approach also leverages
GAN theories relevant to Jensen-Shannon divergence, en-
abling the generated and target distributions to lie on the
same support space [79, 84], which returns more stable gra-
dients for 3D generation. Our method is also related to
variance reduction techniques for score distillation using
control variates [64, 76, 77, 88], but our derivation is via the
JSD objective and GAN theories.

3. Backgrounds

3.1. Score Distillation Sampling

Score distillation sampling (SDS) [56] has shown great
promise in text-to-3D generation by distilling pre-trained
large-scale text-to-image diffusion models. SDS optimizes a
3D model parameterized by θ ∼ p(Θ) by score distillation
gradients derived from a large pre-trained model [58, 92].
Particularly, given text prompt y and the rendered image
x̂0 = g(θ, c), where g and c are render function and camera
pose, the SDS loss function can be written as:

LSDS = Et,ϵ
[
w(t)

σt
αt

KL(q(x̂t|x̂0)∥pψ(x̂t|y)
]
. (1)

The gradient estimated through the score model is shown in
Eq. (2), where ϵ̂ψ(x̂t, y) and ϵ are the estimated noise and
the control variate.

∇θLSDS = Et,ϵ
[
w(t)(ϵ̂ψ(x̂t, y)− ϵ)

∂x̂0

∂θ

]
. (2)

It is commonly known that SDS often suffers from over-
saturation, over-smoothing, and low-diversity problems. Pre-
vious work [47, 78, 80] attributed these phenomena to the
objective based on the reverse KLD. It is therefore beneficial
to explore variants of KLD to seek improved convergence
and stability in the generation process.

3.2. KL Divergence Symmetrization

KL Divergence [68] (KLD) or relative entropy is the most
fundamental distance. KLD is an asymmetric distance (i.e.,



KL(p, q) ̸= KL(q, p) ∀p, q), which is unbounded and may
be infinite.

KL(p, q) =
∑

p log(p/q), (3)

where p and q are two arbitrary distributions. Jeffreys Di-
vergence [51] (JD) is a symmetric divergence combining
forward and reverse KLD:

JD(p, q) =
∑[

p log(p/q) + q log(p/q)
]
. (4)

However, due to the upper-unbounded and numerical insta-
bility characteristics, optimizing JD objectives is challenging.
Another popular symmetrization of the KLD is the Jensen-
Shannon Divergence [41] (JSD), which can be defined as
follows:

JSD(p, q) =
1

2

∑[
p log

2p

p+ q
+ q log

2q

p+ q

]
. (5)

JSD is naturally lower-bounded and upper-bounded within
(0, logb 2) whose base is b. In the literature of generative
adversarial networks, JSD was used to learn diversified gen-
erators [3, 21]. Given the boundedness of JSD, we aim to
utilize JSD for our 3D generation. A visualization of all
divergences is provided in the supplementary material.

4. Methodology
4.1. Jensen-Shannon Divergence Distillation

We propose to use JSD as the objective function for text-to-
3D generation:

LJSD := Et,ϵ
[
w(t)

σt
αt

JSD(q(x̂t|x̂0)∥pψ(x̂t|y)
]

(6)

JSD differs from reverse KL in the following properties.
Boundedness. KLD is unstable and less robust to noise
due to its unboundedness [17, 67]. KLD can reach extreme
values, producing unstable gradients during training, thus
preventing θ from converging to an optimal solution [75].
JSD [41], otherwise, has a bounded and thus more numeri-
cally stable loss landscape than KLD, which stabilizes the
training procedure [1], encouraging θ to reach an optimal
solution [35]. We provided a boundedness analysis in the
supplementary material, which shows that JSD is in fact a
lower bound of the reverse KL objective:

LJSD ≤ Et,ϵ
[
w(t)

σt
αt

KL(q(x̂t|x̂0)∥pψ(x̂t|y)
]
.

Mode coverages. SDS faces a problem of low-diversity
generation due to mode collapses from the reverse KLD
formulation [78, 80]. Unlike reserve KLD, JSD can deal
with null mass probability and satisfies the triangle inequal-
ity [16], therefore being a good metric distance to match

two insignificantly non-overlapping distributions. JSD is,
therefore, a potential divergence to mitigate mode collapses,
enabling the learning of diversified 3D representations.
Challenges. Despite JSD’s benefits, applying JSD for score
distillation remains a challenge because sampling from the
mixture distribution in JSD is not straightforward, as it is
the arithmetic mean (q(x̂t|x) + pψ(x̂t|y))/2 that cannot be
logarithmically derived. An alternative way is to use geo-
metric mean to perform mixture distribution [14, 52, 53]√

q(x̂t|x)pψ(x̂t|y), which can be derived easily by the loga-
rithmic function. However, this geometric JSD is unbounded,
being an upper-bounded version of the ordinary JSD [52]. In
this paper, we instead derive a new objective approximating
JSD for score distillation.

4.2. A Discriminator-based Objective

We leverage the GAN [2, 21] training strategy to approxi-
mate JSD. In GAN learning theory, there are two steps of
training, including training a discriminator D (a binary classi-
fier) and a generator G, which are both parameterized models.
This learning process is a minimax two-player game:

V (G,D) =

∫
x

[
pdata(x) logD(x)

+ pG(x) log(1−D(x))
]
dx. (7)

When D reaches the optimal solution, the criterion V (G,D)
with respect to G is equivalent to a JSD objective func-
tion [2, 21]. Following the vanilla GAN [21], to train the
generator, instead of minimizing log(1 −D(x)), we mini-
mize − logD(x), resulting in the following objective:

LG(θ) = Et,ϵ
[
− logD(x̂t; y)

]
(8)

To define the discriminator, we drew inspiration from the
fact that our pre-trained text-to-image diffusion model can
be regarded as a robust classifier [10, 13, 69], making the
model naturally a discriminator. We assume that our discrim-
inator is optimal, and formulate it such that the discriminator
follows a log-odds binary classifier [7]:

D(x̂t; y) =
pψ(y|x̂t)

1− pψ(y|x̂t)
, (9)

where pψ(y|x̂t) is the likelihood of x̂t classified as text
prompt y. In this discriminator, we note that the term
(1 − pψ(y|x̂t)) cannot be directly computed. For simplic-
ity, we denote this term by a density function p(ϕ|x̂t) ≈
1 − pψ(y|x̂t). We assume the input prompt y ∈ Ω (space
of all prompts). Given a prompt y, we assume multiple
solutions x̂t, aligned to y due to diversity. Such solutions
can be captioned by an extended set of prompts Y such that
y ∈ Y ⊂ Ω. The complementary prompt ϕ can be defined
by ϕ ∈ Ω \ Y , capturing irrelevant descriptions of x̂t. We
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Figure 2. a) Methodology overview. Initially, an image x̂0 is generated via a render function g(θ, c). We obtain a noisy latent of common
mode x̂t conditioned on a text prompt y (■) by using the inversion technique. To gather low-density (■) samples, we acquire x̄0 via the
reverse process, then diffuse it by using SDE. The estimated score of both high- and low-density samples guides θ toward convergence.
b) Minority guidance sampling. The process of obtaining minority sample x̄t in three steps: (1) DDIM inversion to map x̂0 to x̂t,
(2) reverse sampling from x̂t to obtain x̄0, and (3) a random diffusion to obtain x̄t.

define such irrelevance between y and ϕ via a complement
density p(ϕ|x̂t) = 1 − p(y|x̂t). Expanding the logarithm
function and taking the derivative, the gradient of our objec-
tive function becomes:

∇θLG = Et,ϵ
[
∇θ log pψ(ϕ|x̂t)−∇θ log pψ(y|x̂t)

]
. (10)

Let us now proceed to relate this gradient to the score func-
tion of the pre-trained text-to-image model below.

4.3. Gradient Approximation

Let us proceed to derive each term in the gradient. The right
term can be factorized using the Bayesian theorem, such
that ∇θ log pψ(y|x̂t) ∝ ∇θ log pψ(x̂t|y)−∇θ log pψ(x̂t|⊘).
The left term can be derived via multiclass generalization of
the logistic sigmoid [7] to yield:

∇θ log pψ(ϕ|x̂t)∝∇θ[log pψ(x̄t|y)−log pψ(x̄t|⊘)]. (11)

This formulation means that instead of using the prompt
ϕ and the noised image x̂t for estimating the gradient, we
estimate a minority sample x̄t from x̂t, such that p(ϕ|x̂t) ≈
p(y|x̄t) and therefore we use the same prompt y to approxi-
mate the gradients. The minority sampling process is illus-
trated in Fig. 2.

Our minority sampling has three steps. (1) We first apply
DDIM inversion [61] to estimate x̂t from the rendered image
x̂0, preserving the conditioning on text prompt y. (2) We
then estimate the denoised rendered image x̄0 from x̂t by fol-
lowing the reverse process x̄0 = (1/αt)

(
x̂t − σtϵψ(x̂t, y)

)
.

(3) We then diffuse x̄0 to obtain the perturbed sample
x̄t = αtx̄0 + σtϵ where ϵ ∼ N (0, I) is random noise. As
the perturbation to produce x̄0 is random, the noised sample
x̄t becomes less well aligned with the original prompt y,
meaning that the density pψ(y|x̄t) is low [73] and hence a
good approximation to p(ϕ|x̂t). The full derivation can be
found in the supplementary material.

The estimated gradient is therefore:

∇θL = Et,ϵ
[
w(t)

αt
σt

(ϵ̂ψ(x̂t, y)− ϵ̂ψ(x̄t, y))
∂x̂0

∂θ

]
, (12)

where ϵ̂ψ(x̂t, y) and ϵ̂ψ(x̄t, y) are the predicted scores. It is
worth noting that it is natural to integrate classifier guidance
scale [26], denoted by s, into this gradient by represent-
ing ϵ̂ψ(x̂t, y) = ϵψ(x̂t,⊘) + s(ϵψ(x̂t, y) − ϵψ(x̂t,⊘)) and
ϵ̂ψ(x̄t, y) = ϵψ(x̄t,⊘) + s(ϵψ(x̄t, y) − ϵψ(x̄t,⊘)). It can
be observed that the gradient formulated in Eq. 12 leads
to increased diversity of the generated samples because the
estimated noise ϵ̂ψ(x̄t, y) acts as an effective control vari-
ate. The detailed derivation is provided in the supplementary
material. In the next section, we will present an empirical
analysis of this gradient, connecting it to the control variate
perspective on improved optimization.

5. Experimental Results
5.1. Empirical Analysis

We conducted empirical experiments using a toy diffusion
model to analyze the optimization behavior of our proposed
objective. We illustrate the convergence of the optimization,
demonstrating its gradient stability and trajectory diversity.

Gradient Stability. We trained a simple diffusion model
on a dataset of eight cluster samples drawn from a mixture
of eight two-dimensional Gaussian distributions. We then
performed optimization using JSD and SDS to sample a data
point toward a specific cluster. Each cluster is considered a
class, which will be used for classifier-free guidance during
score distillation. We examine the value of the estimated
score and the control variate (the left and right term in the
gradient in Eq. 12). It can be observed that both terms are
positively correlated, making the gradient values close to
zero, hence reducing variances and stabilizing the optimiza-
tion (Fig. 3).
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Figure 3. Quantitative comparison between estimated noise and
control variate in SDS and JSD. It can be seen that our control vari-
ate is positively correlated to the estimated noise, hence reducing
variances in gradient estimation.

Gradient Trajectory Diversity. Figure 4 illustrates the
gradient trajectory from the same initialization, comparing
SDS and our gradients from JSD. It can be seen that our
method has more diverse trajectories, resulting in different
modes.

5.2. 3D Generation Results

Implementation details. We implement the pro-
posed method on top of the Threestudio [23] frame-
work. We perform optimization for 10,000 steps using
StableDiffusion[58]. We set the DDIM inversion [49] steps
to 10. Otherwise, we use a CFG of 13.5 for all experiments,
providing a balance between quality and diversity.

Benchmark and metrics. In this paper, we provide results
on T3Bench [24]. T3bench includes 300 prompts, classified
into three categories: Single Objects (SO), Single Objects
with Surrounding (SOS), and Multiple Objects (MO). To
evaluate the fidelity, 3D samples are converted into a mesh
form of the level-0 icosahedron and then scored by an Im-
ageReward [87] model. For asset alignment, an image cap-
tioning model (BLIP [38]) is used to obtain captions across
multiple views, which GPT4 scores. In the appendix, we
also provided benchmark results from GPTEval3D [83].

Quantitative results. Table 1 presents the comparisons with
SOTA methods. Our method’s performance is competitive

(a) 10 (b) 100 (c) 200 (d) 500 (e) 1000

Figure 4. Optimization behavior of SDS (top row) and our method
(bottom row). Each score distillation (random seed) is performed
from a fixed starting point (•), converging to a result (•). The
number of trajectories is from 10 to 1000.

with DreamMesh [89] and CompGS [19], especially in the
SO and SOS categories. For text prompts involving multiple
objects, our method achieved the highest alignment assess-
ment score. We also include comparisons with Trellis, a
state-of-the-art pretrained 3D generation model [85]. Trellis
can rapidly generate 3D models, but tends to underperform
score distillation methods.

Qualitative comparison. We provide examples to compare
our method with SOTA methods, including Consistent Flow
Distillation [88] (CFD), ScaleDreamer [45] (SD), Dream-
Reward [90], JointDreamer [31] (JD), MVDream [59],
ASD [80], ProlificDreamer [78] (VSD), HIFA [94], and
LatentNerf [47] (see Figure 5). Overall, our approach can
generate higher-quality 3D assets than previous methods.
For fair comparison, we used prompts provided by the pre-
vious research. In ASD, many artifacts appear around the
main objects, which is evidence of the instability of using the
Wasserstein metric. For the object with surrounding prompts,
ScaleDreamer and ASD are unstable in learning both the
foreground and the background. Our approach can learn the
main object, the surrounding objects, and the background
with good quality. We provide more examples at Appendix.

Our method can produce 3D objects well aligned with the
guidance prompt in the alignment assessment. We present
various 3D objects generated with long, detailed prompts in
Fig. 1 to indicate the strong alignment characteristic of our
proposed method. Other methods tend to ignore information
in the background, not focus on the surrounding objects, or
place those objects in the wrong location.
Janus problem. Table 1 shows that our method exhibits
fewer Janus problems compared to other methods (Fig. 7).
However, for objects which has both concave and convex
geometry, our method still suffers from the Janus problem,
which can be alleviated by using multi-view guidance [59].

Diversity comparison. To evaluate diversity in our opti-
mization, we initialize the representation θ with fixed values
and perform score distillation in multiple runs, each using
a different random seed. We follow DiverseDream [71] to
compute the Inception Variance (IV) and Cosine Similarity
metric. The formula of IV is IV(θ) = H[Ei,c[p(y|g(θi, c)]],
where p(y|xi = g(θi, c)) is the pretrained classifier given
the rendered images xi from particles i. When the outputs of
a pre-trained classification model are uniform, it means that
the diversity is high, along with a higher IV. We leverage
InceptionV3 [63] as a pre-trained classifier and DINO [8] as
a feature extractor. InceptionV3 and DINO are used to ob-
tain the likelihood and feature vector to compute the cosine
similarity matrix. We utilize 120 views of an object in the
evaluation process.

We compare the diversity of our method with Dream-
Fusion [56], ProlificDreamer [78], and DiverseDream [71].
The result is shown in Table 2 using 70 prompts inherited



Table 1. Comparative results for the text-to-3D tasks in T3Bench. The best results are bold while the second best results are underlined.

Conference Time Single Object Single Object with Surr Multiple Objects

Method (mins) Qual. ↑ Align. ↑ Avg ↑ Qual. ↑ Align. ↑ Avg ↑ Qual. ↑ Align. ↑ Avg ↑

LatentNeRF [47] CVPR 2023 65 34.2 32.0 33.1 23.7 37.5 30.6 21.7 19.5 20.6
VSD [78] NIPS 2023 240 51.1 47.8 49.4 42.5 47.0 44.8 45.7 25.8 35.8
MVDream [59] ICLR 2024 30 53.2 42.3 47.8 36.3 48.5 42.4 39.0 28.5 33.8
DreamGaussian [65] ICLR 2024 7 19.9 19.8 19.8 10.4 17.8 14.1 12.3 9.5 10.9
RichDreamer [57] CVPR 2024 70 57.3 40.0 48.6 43.9 42.3 43.1 34.8 22.0 28.4
VP3D [11] CVPR 2024 - 54.8 52.2 53.5 45.4 50.8 48.1 49.1 31.5 40.3
ModeDreamer [70] Arxiv 2024 40 55.4 52.6 54.0 45.7 59.0 52.4 43.4 39.4 41.4
DreamReward∗ [90] ECCV 2024 40 54.3 43.8 49.0 38.2 49.6 43.9 41.2 33.6 37.4
DreamMesh [89] ECCV 2024 30 55.6 53.8 54.7 43.1 54.3 48.7 47.6 30.8 39.2
Trellis [85] CVPR 2025 < 1 35.6 21.4 28.5 19.5 17.5 18.5 16.6 17.0 16.8
CompGS [19] CVPR 2025 30 55.1 52.5 53.8 43.2 46.8 45.0 54.2 37.9 46.1

Ours 70 58.7 53.6 56.1 47.4 57.6 52.5 51.3 40.2 45.7
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A steaming hot plate piled high with spaghetti and meatballs

A stack of pancakes on a breakfast table

A pair of green wellies in a puddle

A brown leather suitcase on a train platform

A small porcelain white rabbit figurine

Figure 5. Qualitative comparison with available text-to-3D generation techniques.
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Figure 6. Visual comparison between KLD and our proposed method with and without minority sampling (MS).

A wooden rocking horse.

A photograph of a firefighter.

A pair of worn-in blue jeans.

A stack of pancakes on a breakfast table.

A gold glittery carnival mask A pair of polka-dotted sneakers

Figure 7. Multi-view analysis. Our method produces objects with consistent views.

from DiverseDream [71]. While DiverseDream produces
a wide range of 3D models given the same prompt, their
object quality varies, including some over-saturated objects.
Unlike DiverseDream, our method generates diverse and
high-quality 3D objects solely from text prompts, not requir-
ing any reference images or textual inversion.

Table 2. Diversity comparisons between DiverseDream and ours.

Method SDS[56] VSD[78] DiverseDream[71] Ours

IV↑ 4.577 4.586 5.075 5.826
Cosine Sim↓ 0.720 0.476 0.380 0.401

Inversion analysis. To prove the independence of our pro-
posed method on the inversion technique, we compare the
results of our method using DDIM [61] and Renoise [18]
inversion (Tab. 3). As can be seen, our proposed method is
not influenced much by the choice of the inversion method,
either DDIM or Renoise, where the performance achieved
by both inversion techniques are very close.

Ablation test with Minority Sampling To better understand
the effect of minority sampling, we perform an ablation
test to compare SDS [56], our proposed method, with and
without minority sampling. According to Fig. 6, minority
sampling plays a crucial role in our proposed method, which
stabilizes the updating gradient (as discussed in Sec. 5.1)
and thereby enhances the quality of the output 3D object.

6. Limitation and Conclusion

Limitation. Our method is not without limitations. First,
although our approach can generate high-fidelity objects, it

Table 3. Quantitative comparison between DDIM and Renoise
inversion conducted on T3Bench [24] benchmark.

Qual. Align Avg

Single Object DDIM 58.7 53.6 56.1
Renoise 58.7 53.5 56.2

Single Object w. Surr DDIM 47.4 57.6 52.5
Renoise 47.8 58.2 53.0

Multiple Objects DDIM 51.3 40.2 45.7
Renoise 51.6 40.2 45.9

still faces common problems in text-to-3D generation, such
as Janus [5], hollow face illusion [25], and diffusion anoma-
lies [44], which might be solved by further regularization.
Second, the diversity in our pipeline is fully automatic. Ex-
tending our method to include more controls would benefit
downstream applications like 3D manipulation and editing.

Conclusion. In this research, we propose to approximate the
Jensen-Shannon Divergence (JSD) to improve the conver-
gence and diversity of text-to-3D generation. Our method re-
formulates JSD using the theory of GAN training, leading to
a minority sampling technique that effectively approximates
JSD. For future work, we believe that there are more objec-
tive functions to explore in addition to JSD for 3D generation,
including variants of the Wasserstein distances [3, 22, 81].
Extending our method to generate dynamic 3D objects would
be an interesting future work as well.
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