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Abstract

Recent years have witnessed the remarkable success of Text-
to-3D generation, particularly with the rise of mainstream
conditional diffusion models (DMs). Though achieving sub-
stantial progress, existing methods still face a knotty “human
preference” dilemma, that is the 3D contents generated by
the models often deviate greatly from the desired effects (e.g.,
perspective, aesthetics, shading, appearance, etc.) due to the
lack of attention to human preferences. To mitigate the limi-
tation of data deficiency and enable human preference learn-
ing, we first elaborately curate the HP3D, a text-to-3D dataset
with expert preference annotations which is initally captioned
by the multimodal large model LLava and then refined by hu-
man expert. Based on such a brand-new HP3D, we further
propose DreamAlign, a reward-free method that does not re-
quire designing any complex reward models whereas only by
introducing a light-weight lora adapter and then designing a
novel direct 3D preference optimization (D-3DPO) algorithm
for training. Moreover, in the stage of text-to-3D we design an
additional Preference Contrastive Feedback training for score
distillation sampling, which enables the generated 3D ob-
jects to align the human preferences (e.g., aesthetics, material,
etc.). Extensive experiments demonstrate that DreamAlign
consistently achieves state-of-the-art performance on gener-
ative effects and human preference alignment across various
benchmark evaluations.

Introduction

3D asset creation is widely applied in numerous fields such
as gaming, animation, simulated environments, and art pro-
duction. However, high-quality 3D creation requires excel-
lent artistic creativity and specialized modeling skills, mak-
ing it difficult to meet multitude demands. Some recent
works (Gupta et al. 2023; Chen et al. 2023; Jun and Nichol
2023; Liu et al. 2023; Nichol et al. 2022b; Poole et al. 2022;
Qian et al. 2023; Shen et al. 2021; Wang et al. 2023, 2021)
have leveraged the success of generative modeling (Ho, Jain,
and Abbeel 2020) and massive 3D datasets (Luo et al. 2024;
Deitke et al. 2023; Collins et al. 2022) to achieve efficient
3D content generation. Different from others, optimization-
based 2D lifting method (Jun and Nichol 2023; Li et al.
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Figure 1: Text-to-3D generation of our DreamAlign. (Text
marked in red represents 3D object, while text marked in
blue represents adjectives.)

2023; Nichol et al. 2022a; Poole et al. 2022; Shi et al. 2023;
Wang et al. 2024) have received much attention due to their
ability to create 3D assets from textual prompts adpoting
text-2D prior to optimize differentiable 3D representations.
While this framework is capable of generating high-fidelity
multi-view consistent 3D content, the significant limitation
is that it ignores the consistency of 3D content properties
with human aesthetics. As shown in Figure 2, asymmetric
lighting causes shadows behind the teddy bear, perspective
offsets make the flattened diary difficult to view, and blur-
ring between appearance and caption makes the black cats
incompatible with human aesthetics. Therefore, we argue
that the consistency evaluations encompasses not only multi-
view and 3D-text alignment, but also the alignment efficacy



between the attributes of the 3D content and human prefer-
ences, such as style, shading, geometry, and appearance.

Recently, Human Feedback Reinforcement Learning
(RLHF) has been successfully applied to various Large Lan-
guage Models (LLMs) (Ouyang et al. 2022; Achiam et al.
2023) and text-to-image models (Black et al. 2023; Wada
et al. 2024; Zhu et al. 2023; Ma et al. 2024c). However,
reward-based RLHF approaches require massive cost to cre-
ate score-annotated datasets for the training of the reward
model, but also suffer from the risks of model collapse due to
only supporting training on relatively narrow types of feed-
back datasets. Inspired by the success of DPO in diffusion
models (Wallace et al. 2024), we introduce DreamAlign,
a fresh text-to-3D preference tuning technique enables the
model efficiency and low-cost training without the need for
additional training of complex reward models. Firstly, we
created a 3D dataset HP3D with human preference annota-
tion. Following Cap3D (Luo et al. 2024), we selected 367
high-quality samples with prompts consistent with 3D con-
tent. In order to supplement comparative data, we employed
advanced multi-modal model LLava (Liu et al. 2024a,b) to
obtain captions with different attributes of the same seman-
tics, and then utilize a multi-view diffusion model to gen-
erate 3D contents with easy to distinguish preferences. Af-
ter expert sorting and filtering, a refined dataset of 1300
3D entries with human preferences annotation was obtained.
Based on the 3DHF dataset, we first fine-tuned the multi-
view diffusion model using the D-3DPO algorithm. More
importantly, by employing a 2D lifting approach, the multi-
view diffusion model can effortlessly integrate the human
preferences to the generation of 3D content. To further ex-
ploit the capabilities of DreamAlign, we incorporated con-
trastive learning into 3D generation process, termed as Pref-
erence for Contrastive Feedback Learning. We elaborately
designed a Preference Loss and integrated it into the SDS
pipeline for 3D generation.

In Figure 1, we showcase several impressive cases from
DreamAlign, which exhibits our method not only generates
3D content that aligns with the textual descriptions, but also
consistently matches human preferences across various at-
tributes. Additionally, we conducted both quantitative and
qualitative comparisons of our text-to-image and text-to-3D
instance generation methods against other techniques. Fur-
thermore, a user study was conducted to analyze prefer-
ences, which indicates that DreamAlign is capable of pro-
ducing high-quality 3D content that closely aligns with hu-
man preferences in various aspects.

Related Work

Text-to-image generation. The successful application of
diffusion models (Ho, Jain, and Abbeel 2020; Meng et al.
2023; Ma et al. 2022, 2024b; Rombach et al. 2022; Sohl-
Dickstein et al. 2015; Ma et al. 2024a) in text-to-2D image
generation has been widely recognized and popular. Typi-
cally, these models consist of forward process, which incre-
mentally introduces noise into the original data, and reverse
process that samples and denoises from random Gaussian
noise. Recent advances in research have demonstrated the
formidable ability of diffusion models in generative tasks,

5425

- A teddy bear with a red bow.

i |7

- A sculpture of a black cat wearing a light red triangular

scarf sitting on a tree stump

Figure 2: Text-to-3D generation results for MVDream (Shi
et al. 2023). It remains a challenge to align 3D attributes
(e.g., perspective, aesthetics, shading, appearance, etc.) with
human preferences. Asymmetric lighting causes shadows
behind the teddy bear, perspective offsets make the flattened
diary difficult to view, and blurring between appearance and
caption makes the black cats incompatible with human aes-
thetics.

allowing inpainting (Lugmayr et al. 2023; Xie et al. 2023)
and editing (Brooks, Holynski, and Efros 2023; Kawar et al.
2023; Ma, Jia, and Zhou 2024) of diverse and high-fidelity
images that faithfully adhere to textual prompts. The im-
pressive performance in 2D image generation also suggests
a substantial potential for diffusion models in 3D content
creation (Poole et al. 2022; Wang et al. 2023). Compared
to previous models, our DreamAlign has been trained on
the 3DHF dataset with preference ranking, making it bet-
ter suited for generating 3D content that aligns with human
preferences.

2D-lifting Text-to-3D generation. Recently, the powerful
text-to-image generation models (Rombach et al. 2022) have
been extensively utilized for converting text into 3D con-
tent (Lin et al. 2023; Poole et al. 2022; Shi et al. 2023; Wang
et al. 2024, 2023), rapidly becoming a hotbed of research.
Compared to 2D datasets, the diversity of 3D datasets is rel-
atively limited (Chang et al. 2015). To address this, Dream-
Fusion (Poole et al. 2022) has introduced a new method-
ology, called SDS (Score Distillation Sampling), which ex-
tracts scores from priors of 2D diffusion models to guide the
optimization of 3D representations such as NeRF (Milden-
hall et al. 2021), showing promising results. Subsequently,
researchers have made numerous efforts to improve the qual-
ity and 3D consistency of the generated content (Huang
et al. 2023; Wang et al. 2024) using distillation-based ap-
proaches (Lin et al. 2023; Poole et al. 2022; Zhu, Zhuang,
and Koyejo 2023; Zhuang et al. 2023). For instance, some



studies have fine-tuned 2D diffusion models with extensive
3D data to produce images consistent across multiple view-
points (Shi et al. 2023; Long et al. 2024). Although these
methods have produced impressive 3D content, they still fall
short in terms of thematic diversity, adherence to the pro-
vided texts, and consistency with human preferences or in-
tentions (Ma et al. 2021, 2023). To overcome these chal-
lenges, we have employed the PreferenceLoss framework to
bridge the gap between 3D and 2D generation, ensuring that
the 3D content generated from text aligns with human pref-
erences.

Method

In this study, we explore how to align the attributes of text-
to-3D with human preferences. Traditional Reinforcement
Learning from Human Feedback (RLHF) methods require
the construction of a 3D dataset with expert ratings during
the fine-tuning stage and then training of a reward model
to fit human preferences. This approach is not only costly
but also prone to reward hacking (Skalse et al. 2022). We
propose DreamAlign, a novel framework that directly opti-
mizes diffusion models on 3D data ranked by human pref-
erences. This method only requires the introduction of a
lightweight LoRA adapter, followed by the application of
a 3D preference optimization algorithm to train the exist-
ing diffusion model without the need for additional reward
model training. The fine-tuned text-to-image model can gen-
erate text-to-3D content through optimization-based 2D lift-
ing method. To differentiate between the text-to-image and
text-to-3D content of DreamAlign, we refer to them as
DreamAlign-2D and DreamAlign-3D, respectively.

In Section , we introduce the process of creating HP3D
dataset with human preference labels and the DreamAlign-
2D framework. After training DreamAlign-2D, we present
Preference for Contrastive Feedback Learning in Section to
further optimize text-to-3D utilizing the 2D lifting method.

DreamAlign for Text-to-image Generation

Data preparation. We carefully construct the HP3D
dataset with comparative expert labels for training. The
HP3D dataset is based on the Cap3D dataset, which only in-
cludes 3D objects and their text captions, lacking compara-
tive data and human preference labels. Therefore, the Cap3D
is not suitable for DreamAlign training to learn human pref-
erence. To supplement the comparative data, we utilize ad-
vanced multi-modal models to generate additional text cap-
tions and multi-view images of 3D objects as shown on the
left of Figure 3.

Specifically, the construction process can be divided into
four steps: filtering, rendering, generating descriptions and
comparative data, and expert ranking. (1) To ensure diver-
sity in the selected 3D objects, we employed the K-center
algorithm, combined with the CLIP features of the text,
and selected 10,000 text-3D object pairs from Cap3D. Due
to the significant noise in the Cap3D dataset, we filtered
these 10,000 pairs and chose 376 high-quality objects that
matched the captions. (2) In the rendering step, the 3D ob-
jects obtained from the screening phase are densely rendered
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into 32 multi-view images with a resolution of 512x512.
During the 360-degree orbit of the camera, the azimuth starts
from the front view (90°) and the elevation is randomly se-
lected from [0, 30], while saving the external parameters of
the camera corresponding to each viewpoint. (3) To accu-
rately label the preference ordering of different 3D content
corresponding to the same caption, we employed a multi-
modal large model LLava to generate 2 ~ 3 captions with
different attributes of the same semantics for each origi-
nal caption. Subsequently, these captions are used to gen-
erate preference-distinguishable multi-view images through
a multi-view diffusion model. (4) During the final ranking
stage, we hired ten researchers in the field of computer vi-
sion to score 3D content. They were required to consider
three aspects such as text-3D object consistency, multi-view
consistency, and aesthetics, awarding scores from 0 to 7.
Subsequently, the multi-view images were ranked on the
basis of these scores. Ultimately, we obtained the HP3D
dataset labeled with preferences. For more detailed informa-
tion, please refer to the supplementary materials.

Diffusion Models. The diffusion model consists of two
main components: a forward noising process and a reverse
denoising process. Given a noise scheduling function a;; and
oy, during the forward process, samples are taken from the
data distribution 2o ~ ¢(«) and random Gaussian noise is
incrementally added over T steps. Each noise addition is
considered a Markov decision process:

= ./\/(azt; ozfxo,crfI)

Hq Ty|T-1)

The denoising process of the diffusion model with
parameter ¢ can be described through a discrete-time
reverse process with a Markov structure pg(zo.7)

HtT:1 Py (Ti—1|Ts) Where
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Optimization based D-3DPO. As previously mentioned,
we have meticulously created a dataset denoted as D =
{(xw, 1, D, C)}iv, where N represents the number of 3D
assets in the dataset, D is the description of the 3D asset
z, and C' is the camera extrinsic matrix. We randomly se-
lect four orthogonal camera views from the training set to
render images as a single training sample, which can be
. 4
I3, I}, D,d
the ”winning” and “’losing” images as judged by experts, re-
spectively, and c is the camera position corresponding to the
image. With these image-text-camera-preference label pairs,
we can leverage the preference labels to train the model us-
ing the D-3DPO algorithm. This enables the model to im-
plicitly learn and generate images with attributes that align
with user aesthetics.
As shown on the right side of Figure 3, we did not train
the U-Net model directly within the stable diffusion frame-
work. Instead, we integrated LoRA (Low-Rank Adaptation)

2)

formalized as { } . Here, I, and I; represent
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Figure 3: Overall framework of DreamAlign-2D. Left: The data preparation process and data flow of DreamView-2D. Original
3D objects from the Cap3D dataset are first rendered as multi-view images, and then annotated with appropriate captions using
the LLava technique. These captions are semantically consistent, yet differ in detailed descriptions, allowing the multiview
images generated by MVDream to exhibit distinct, recognizable human preference attributes. These data are subsequently
ranked by experts. Right: Based on the HP3D dataset, the D-3DPO algorithm is applied to fine-tune U-Net modules to learn
capabilities that mimic human preferences. LoRA adapters (Hu et al. 2021) are added to the attention layers of U-Net, reducing
training requirements while preserving the model’s original functionalities.

adapters into the attention layers of the U-Net. This ap-
proach preserves the original diffusion model’s capability
in generating 2D images. This not only maintains the high
performance of the original diffusion model, but also signif-
icantly improves training efficiency, allowing for faster con-
vergence with fewer resources.

During training, the diffusion model receives input as
{Iy,I1,¢c,D,t}, where t denotes the sampling step. Un-
like RLHF-based methods, which use reinforcement learn-
ing from human feedback to inject content generation capa-
bilities, our approach employs the D-3DPO algorithm. The
D-3DPO algorithm enables direct training by learning the
latent reward model from the existing dataset, avoiding the
need for additional reward model training and simplifying
the process. The optimization objective of the D-3DPO ap-
plied to a diffusion model with parameter ¢ is:

Lp_sppo(9) =

B 1)~ tntt (0,1), 17 ~a(I | 18). I ~q(T 1)
log o (—BTw(\t)) 3)
(le” — e (1", )15 — ll€ — exet(L*, 1)]13
— (Il = es (I, )13 = €' = evet (I3, 1)]13))

We omitted D and c for compactness. The €5 and € rep-
resent the noise predicted by the DreamAlign and the ran-
domly generated noise, respectively. The €,..¢ is used as a
reference model, which has the structure of the original dif-
fusion model. x; = ayxf + o€, € ~ N(0,1) is a draw
from g(x;|xf). w(At) is a pre-specified weighting function,
A\t = o /o? is the signal-to-nosie ratio. The hyperparame-
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ter 3 controls regularization. This loss function incentivizes
€p to focus more on enhancing the denoising process for I;*
compared to I}. Through the above optimization objectives,
the model is expected to be biased towards generating im-
ages of the ”wining” data distribution.

DreamAlign for Text-to-3D Generation

Based on the Score Distillation Sampling technique, we de-
velop the DreamAlign-3D, which utilizes the DreamAlign-
2D model to extract and apply prior knowledge to guide the
3D generation process. Additionally, we introduce the Pref-
erence Contrastive Learning Feedback, which enhances the
aesthetic appeal of the generated 3D content by encourag-
ing it to closely align with the conditional distribution of
DreamAlign-2D.

Score Distillation Sampling. Score Distillation Sampling
(SDS) is a method that extracts insights from a pre-trained
2D diffusion model to enhance 3D representations, greatly
advancing the development of 3D generation technology
(Poole et al. 2022; Wang et al. 2024; Zhu, Zhuang, and
Koyejo 2023; Lin et al. 2023). Utilizing a pretrained diffu-
sion model ¢ as a score function é,(z4; y, t) can effectively
predict sampling noise e related to a given noisy image x,
conditional embeddings ¥y, and specific noise levels ¢. For
DreamAlign, conditional embeddings y include text D and
camera position ¢. The 3D asset is represented as a differen-
tiable image parameterization, where a differentiable gen-
erator renders 2D images x = g(f,c) based on parame-
ters 6 and camera position c. The gradient obtained through
Score Distillation Sampling provides direction guidance for
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the given variable rendering mapping function.
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where w(t) is a weighting function.

Preference Contrastive Learning Feedback The pri-
mary challenge in aligning 3D generative models with user
preferences is the difficulty in accurately estimating the hu-
man preference distribution conditioned on user prompts.
Although DreamAlign-2D has alleviated this issue to some
extent after D-3DPO fine-tuning, the error between its es-
timated human preference distribution and the true value
objectively exists. To further bridge the gap between the
conditional distribution derived from DreamAlign-2D and
the actual human preference distribution, we have intro-
duced a preference contrastive learning feedback mecha-
nism, as shown in Figure 4. Our proposed preference con-
trastive loss replaces the original SDS loss. Assuming that
DreamAlign-2D ¢ is capable of generating 3D content that
aligns with user aesthetics, and given that the multi-view dif-
fusion model, utilized as a reference, lacks this capability,
we aim for the distribution of images rendered by the 3D
representation to be closer to DreamAlign-2D and further
from multi-view diffusion model. To this end, we use the
KL divergence to measure the distance between these distri-
butions. Following this approach, the preference contrastive
loss is formalized as follows:

Lpcr =Eiec,e(
Dxr(q(ze—1|zo.4)|pg(ze—1]2e))—
Dkr(q(zi—1|zo.e)||pres(@i—1]T1)))

Based on equation 1 and 2 and algebra, the gradient of the
loss function for the 3D representation rendering function
can be derived as follows:

VoLpcor(x = g(0))

For a detailed derivation process, please refer to the ap-
pendix. From the perspective of the error between predicted
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images, we have also derived equation 6, which validates the
correctness of this gradient.

Experiments
Implementation Details

DreamAlign-2D We trained the DreamAlign-2D model
using the HP3D dataset and Pick-a-Pic dataset (Kirstain
et al. 2023). The model employs MVDream as backbone,
which is capable of generating multiview consistent 3D con-
tent. DreamAlign-2D was trained on two V100 GPU, with
a total batch size of 256 (pairs), a local batch size of 1
pair, and gradient accumulation over 128 steps. The learn-
ing rate was set at le — 5. In the configuration of the LoRA
Adapter structure , the rank was set as 128 and the learning
rate scaling factor was established at 256. For the D-3DPO
algorithm, the 5 (divergence penalty parameter) was set at
5000. Each 3D object was rendered as the camera orbited
360 degrees, starting from a frontal view with the elevation
angle randomly selected from the range [0, 30] degrees. Dur-
ing training, we randomly selected images from four orthog-
onal views and resized the images to 256x256 pixels, with
the corresponding camera extrinsics normalized onto a unit
sphere. During inference, we utilized a DDIM sampler with
a classifier-free guidance (CFG) scale of 7.5, sampling steps
were set as 50, and random sampling of the camera’s ele-
vation angle from [0, 30] degrees, while the azimuth angles
were fixed at four orthogonal views.

DreamAlign-3D We implemented DreamAlign-3D based
on threestudio and replaced Stable Diffusion in MVDream
with our DreamAlign-3D for text-to-3D generation. We em-
ployed an implicit volumetric representation for the three-
dimensional content. During the optimization process, we
used the AdamW optimizer for 10,000 steps. Additionally,
we adopted two techniques: firstly, we applied linear anneal-
ing to the maximum and minimum time steps of SDS; sec-
ondly, we set the rendering resolution to 64x64 for the first
5,000 steps and gradually increased it to 256x256. In most
cases, the camera was set as a frontal view when the phase
angle was 90 degrees.
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Figure 5: Text-to-3d generation for Dreamalign-3D. RGB images from different viewpoints and the corresponding normal
pictures are shown. We have highlighted the subjects and the adjectives in captions.
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Figure 6: Compare with four baselines in text to 3D generation.

Text-to-Image Generation

In this section, we utilize CLIP and ImageReward to evalu-
ate the image generation capabilities of DreamAlign-2D and
explore whether DreamAlign-2D masters the generation of
multi-view images that are consistent with human aesthetics.

Quantitative comparison. We evaluated our model using
our validation set, quantitatively assessing the results from
the perspectives of consistency and aesthetic appeal. Evalua-
tion metrics included the CLIP text score, CLIP image score,
and ImageReward (Xu et al. 2024), which are used to mea-
sure the alignment between the generated images, the cor-
responding text, and the ground truth images. For each text
prompt, we generated four images with orthogonally posi-
tioned camera views. Since SD-v2.1 can only produce one
image at a time, we augmented the text with descriptions of
camera positions to ensure the generated images were as or-
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thogonal as possible. To ensure fairness in evaluation, five
results will be generated for each text caption. The quantita-
tive results are displayed in Table 1.

Table 1 shows that our DreamAlign-2D achieves the best
results on all metrics compared to MVDream and SD-v2.1.
In terms of text and image scores, DreamAlign-2D improves
on generative power of MVDream and even outperforms
Ground Truth. The performance of SD-v2.1 is the worst for
multi-view consistency. It is trained solely on 2D data, so
it lacks generalization capabilities in 3D multi-view gener-
ation tasks. Additionally, with respect to the ImageReward
evaluation DreamAlign-2D significantly outperforms other
methods, demonstrating that it produces multi-view images
that are more aligned with human aesthetic preferences.



CLIP ¢

Method ImageReward 1
Text Views Image GT Image
Ground Truth 33.61 81.29 1.00 -0.05
SD-v2.1 33.75(£0.58) 70.28(+2.87) 62.47(+3.21) 0.11(+0.05)
MVDream 31.90(£2.64) 73.12(£1.41) 69.64(+1.27)  -0.25(+0.18)
DreamAlign-2D  35.85(+1.02) 78.29(£1.13)  72.28(+1.15) 0.29(£0.09)

Table 1: Comparisons on Image Synthesis Quality. We com-
pare DreamAlign-2D with MVDream and SD-v2.1 on our
validation set. Text refers to the CLIP score between the
textual description and the generated image, Views Image
refers to the CLIP score for consistency across neighboring
orthogonal views of the generated image, and GT Image in-
dicates the CLIP score between the generated image and the
ground truth.

Text-to-3D Generation

In this section, DreamAlign-3D demonstrates its results
in generating 3D objects from text and is compared with
three baseline methods: ProlificDreamer (Wang et al. 2024),
DreamFusion (Poole et al. 2022) and MVdream (Shi et al.
2023). All methods were implemented using the open-
source threesutido (Guo et al. 2023) library.

Qualitative results. Figure 5 displays several qualitative
results obtained from DreamAlign-3D. The content speci-
fied in the text accurately appears in the generated 3D as-
sets, The content specified in the text appears exactly as
it should in the generated 3D assets, such as the warrior’s
sword and shield, and the triangular scarf of black cat. In
addition to maintaining a high degree of textual consistency,
our method also ensures instance-level consistency across
multiple viewpoints, avoiding problems with multiple faces
or feet. Furthermore, DreamAlign not only exhibits impres-
sive consistency capabilities but also creatively generates el-
ements not explicitly described in the text, without deviat-
ing from the original semantic content, thereby making the
generated 3D assets more appealing to human aesthetics. In
particular, our approach does not require explicit treatment
of lighting, but effectively solves problems such as asym-
metric shadows that occur in 3d content. For example, the
teddy bears etc. generated by the MVDream method in Fig-
ure 2 have obvious shadows when viewed from different an-
gles. But the 3d content generated by DreamAlign has no
shadows present at any angle.

Moreover, we compared DreamAlign-3D with other text-
to-3D methods. As demonstrated in Figure 6, the intu-
itive visual evaluation can be conducted through orthogo-
nal views of the front, back, and side. The results indicate
that all methods are capable of generating subjects. For sim-
pler texts, all methods successfully include the main sub-
ject described in the prompts. But DreamFusion, Magic3D
and DrolificDreamer are prone to multi-faceted problems,
although the 3D content generated by ProlificDreamer is a
bit more vibrant in color. The 3D content generated by M V-
Dream also basically meets the description in the prompt,
but is a bit worse than DreamAlign in performance. For ex-
ample, the goat doesn’t wear the full golden armor as re-
quired in the prompt, and the goat’s beard turns into a golden
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Figure 7: The result of user study.

pendant. The teddy bear created by MVDream has circles of
blue stripes on its surface, probably due to the influence of
the cute in the prompt, which obviously doesn’t fit the hu-
man aesthetic. More importantly, the teddy bear’s legs were
ignored. However, when dealing with more complex texts,
other methods often overlook some details, except for our
approach. In contrast, DreamAlign-3D not only accurately
generates the 3D content described by the text but also aligns
more closely with human aesthetic preferences.

User study. To more comprehensively assess human pref-
erences for the outputs generated by various methods, we
conducted a user study to gather preference data. We se-
lected 30 text captions from GPTEval3D and our valida-
tion set, consisting of 10 each of short, medium, and long
descriptions. Each participant was asked two questions: (1)
Which result best matches the description? (2) Which result
do you prefer the most? We invited ten researchers from the
field of computer vision, collecting a total of 300 responses.
As shown in the Figure 7, 60.3% of users believed that our
DreamAlign-3D method generated content that was more
consistent with the text descriptions. Additionally, 68.6% of
users preferred our method. This indicates that our approach
not only maintains consistency with the text but also gener-
ates 3D content that better aligns with user aesthetics.

Conclusion

In this work, we propose a novel framework named Drea-
mAlign, which can directly optimize text-to-image models
on data with contrastive labels to better meet human prefer-
ences. We introduce LoRA adapters in the attention module
of stable diffusion and create a HP3D dataset with expert
contrastive labels. Using the D-3DPO algorithm for training,
the generated images align more closely with the user prefer-
ences in various attributes. DreamAlign applies the 2D lift-
ing method directly to the 3D object generation process. We
introduce preference contrastive feedback learning to further
reduce the gap between 2D and 3D generation. The potential
of DreamAlign to judge user preferences is well preserved in
3D generation. Extensive quantitative and qualitative results
demonstrate the superiority of our approach in text-to-3D
generation tasks. Our DreamAlign provides a general path-
way for producing 3D assets that meet user aesthetic prefer-
ences.
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