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Figure 1: Comparisons with state-of-the-art methods RichDreamer (Qiu et al., 2024) and Trellis
(Xiang et al., 2025). Even when compared to methods that leverage stronger 3D priors, our method
achieves significantly higher text alignment and enhanced visual quality, highlighting the critical
role of preference alignment in text-to-3D generation.

ABSTRACT

Human preference alignment presents a critical yet underexplored challenge for
diffusion models in text-to-3D generation. Existing solutions typically require
task-specific fine-tuning, posing significant hurdles in data-scarce 3D domains.
To address this, we propose Preference Score Distillation (PSD), an optimization-
based framework that leverages pretrained 2D reward models for human-aligned
text-to-3D synthesis without 3D training data. Our key insight stems from the in-
compatibility of pixel-level gradients: due to the absence of noisy samples during
reward model training, direct application of 2D reward gradients disturbs the de-
noising process. Noticing that similar issue occurs in the naive classifier guidance
in conditioned diffusion models, we fundamentally rethink preference alignment
as a classifier-free guidance (CFG)-style mechanism through our implicit reward
model. Furthermore, recognizing that frozen pretrained diffusion models con-
strain performance, we introduce an adaptive strategy to co-optimize preference
scores and negative text embeddings. By incorporating CFG during optimization,
online refinement of negative text embeddings dynamically enhances alignment.
To our knowledge, we are the first to bridge human preference alignment with
CFG theory under score distillation framework. Experiments demonstrate the su-
periority of PSD in aesthetic metrics, seamless integration with diverse pipelines,
and strong extensibility.

1 INTRODUCTION

Diffusion models (Ho et al., 2020; Song et al., 2021b;a; Tu et al., 2024a;b; 2025b;a;c), trained on
web-scale datasets, demonstrate exceptional capability in generating high-fidelity images (Dhari-
wal & Nichol, 2021; Rombach et al., 2022). Motivated by this success, researchers have sought
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to transfer pretrained 2D generative priors to data-scarce modalities. Score Distillation Sampling
(SDS) (Poole et al., 2023) pioneered this cross-modal knowledge transfer, leveraging pretrained
text-to-image diffusion models to optimize 3D differentiable representations through gradient-based
maximum likelihood estimation. By circumventing the need for 3D training data, SDS has estab-
lished text-to-3D generation as a prominent research direction and enabled applications beyond 3D
synthesis, including one-step diffusion distillation (Yin et al., 2024b;a; 2025), character animation
(Li et al., 2025b), and metric depth prediction (Pham et al., 2025). Despite extensive efforts to
refine SDS (Wang et al., 2023; McAllister et al., 2024; Li et al., 2025¢; Jiang et al., 2025; Yang
et al., 2025a), recent studies (Ye et al., 2025; Liu et al., 2025b; Zhou et al., 2025) reveal that SDS-
synthesized 3D assets often exhibit misalignment with human preferences — a limitation shared by
other diffusion models.

To address this misalignment, Reinforcement Learning from Human Feedback (RLHF) has been in-
corporated into text-to-3D pipelines. However, existing RLHF-based methods (Ye et al., 2025; Liu
et al., 2025a; Zou et al., 2025) typically require training 3D-specific reward models, which funda-
mentally undermines the core advantage of 3D-data-free synthesis and may induce visual artifacts.
Critically, since reward models are exclusively trained on clean images, directly applying their gra-
dients to update 3D representations under high noise levels induces gradient misalignment. Given
the established connection between score distillation (Lukoianov et al., 2024; Yan et al., 2025; Li
et al., 2025c; Wu et al., 2024) and the Probability Flow ODE (PF-ODE) (Song et al., 2021b), we
hypothesize this originates from pixel-level conflicts between reward gradients and diffusion dynam-
ics. While DreamDPO (Zhou et al., 2025) attempts to avoid pixel-wise gradients via DPO-inspired
objectives, its disconnection from denoising dynamics limits extensibility to iterative refinement
processes.

Motivated by DPO’s implicit reward modeling and the efficacy of Classifier-Free Guidance (CFG)
(Ho & Salimans, 2022) in conditional diffusion, we propose a fundamental rethinking: Could the
implicit reward in score distillation function as a PF-ODE-compatible guidance signal? In this
work, we introduce Preference Score Distillation (PSD), a novel framework that harnesses gradi-
ents from an implicit reward model to align score distillation with human preferences. To bridge
preference learning with guidance mechanisms, we formalize human preference as a binary variable
Spret, to Obtain a preference score guidance term Vg, 1og p (Sprer | @+, y) that decomposes into inter-
pretable gradient components. Crucially, we identify that suppressing pixel-wise artifacts requires
theoretically connecting this preference gradient to the score estimates. This insight motivates a
reformulation of RLHF under the score distillation paradigm, where we rewrite the KL-divergence
with a dynamic reference distribution tied to the current rendering. Eventually, through our deriva-
tion and constructing contrastive sample pair on-the-fly, we formulate a CFG-like guidance that is
able to increase the likelihood towards preferred completions. Empirical results proves that it is
compatible with existing diffusion dynamics and improve various aesthetics scores directly.

Moreover, noting that the pretrained diffusion model is frozen, we design an algorithm that adap-
tively updates the preference score and negative text embeddings (Ban et al., 2025; Wang et al., 2024;
Li et al., 2025a). In each denoising step: the preference score is first computed; subsequently, the
negative embedding (projected into the continuous text embedding space) is optimized as trainable
parameters via reward score backpropagation, and integrated with CFG. Our experiments demon-
strate that our approach has strong compatibility and can generate highly photorealistic, preference-
aligned 3D assets.

To show the superiority of our method, we compare with state-of-the-art methods that utilizes
stronger 3D priors in Fig. 1. While comparison method (Qiu et al., 2024; Xiang et al., 2025) applies
more 3d priors (Normal-Depth diffusion model, physically-based rendering materials) or large-scale
training with 3d data, we only distillate diffusion models for image synthesis (MVDream Shi et al.
(2024) and Stable Diffusion v2.1 (Rombach et al., 2022)) but still yield better text alignment and
aesthetics, which domesticates the novelty of this work.

Our contribution can be summarized as :

* We propose a preference alignment method for score distillation, Preference Score Distil-
lation (PSD). To the best of our knowledge, we are the first to demonstrate that preference
alignment can be directly formulated as a CFG-type guidance and can produce gra-
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dients towards increasing the likelihood of preferred samples via constructing contrastive
sample pairs during the optimization process.

* We propose a strategy that alternatively updates the preference score and negative embed-
dings. In this strategy, optimizing continuous negative embeddings can achieve the effect
of updating pretrained diffusion parameters.

» Extensive experiments prove the ability of PSD to improve aesthetics scores. The results
shows PSD outperforms other comparing methods in scores of 4 human preference assess-
ment models, 1 visual question answering (VQA) model and delivers highly impressive
qualitative comparison.

2 PRELIMINARIES AND NOTATIONS

Score Based Diffusion Models. The process of diffusing a data sample into random noise can be
described as Probability Flow Ordinary Differential Equation (PF-ODE) (Song et al., 2021b). For
an arbitrary data point g ~ Pgqtq, if we gradually add noise

xy = apxo + o€, € ~N(0,1I), (D

the PF-ODE that has the same marginal distribution can be written as

d(z—Z) = d(%)(—atvm log p(w:))

= d<g> €@, 1)

2

where €,4(-) & —0,V, log p(z;) is our trained diffusion models. Our notations of diffusion models
are consistent with (Karras et al., 2022; Yan et al., 2024; 2025).

Classifier-free Guidance. In order to generate text-aligned contents, a technique termed Classifier-
free Guidance (CFG) (Ho & Salimans, 2022) pushes the samples towards higher likelihood through
the gradient of an implicit classifier

é(f)(mtayat) = €¢(mt7t) +’Y(6¢(mfay7t) - E¢(mtat)) (3)
———
unconditional implicit classifier d¢;s

where y is the conditioning text embedding and v is a scaling factor, and we denote gradient
€s(x,y,t) — €4(x, t) produced by implicit classifier as d.;s. Additionally, negative prompting has
become a common technique to improve generation quality. It replaces €, (¢, t) with €4(x¢, n,t)
conditioned by negative embedding n. We regard the embedding as a set of the model parameters
and thus simplify it as €4 (@, t).

RLHF on Score Distillation. Typically, Reinforcement Learning from Human Feedback (RLHF)
fine-tunes the diffusion models by maximizing expected rewards while regularizing the KL-
divergence from a reference distribution (Christiano et al., 2017). We define a similar objective
for score distillation:

max Eg,mps @y [7(Y; 2t)] — BDxLpg (2 |y)| g0 (2|20 = g0 ()] 4)

where 0 is the learnable parameters of differentiable representation g, ¢ is the rendering camera
view, qg(+) is the marginal distribution and Dy [-] is the KL-divergence. The difference between
our definition and standard RLHF (Christiano et al., 2017) is we modify the reference model in KL
term into marginal distribution of current rendering gy (c) and we seek to optimize for an arbitrary
timestep ¢. Justifications are presented in Appendix F.2, where existing works (Ye et al., 2025; Zhou
et al., 2025) can be related to our definition.

3 APPROACH

In Section 3.1, we first establish the connection between preference and guidance by deriving the
preference score guidance. In Section 3.2, we present the proposed preference score distillation
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(PSD) method. In Section 3.3, we introduce a novel adaptive strategy for updating the preference
score and negative embedding to improve the quality of generation. Due to the limited space, we

present full derivation details in Appendix F and overall pseudo code of PSD in Algorithm 1.
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Figure 2: Overall illustration of Preference Score Distillation. a) Win (red) and lose (blue) samples
are constructed on-the-fly to calculate win and lose scores, then preference score guidance (purple)
pushes the denoising trajectory towards high-reward regions and finally improve alignment with re-
ward. b) In each step, two noise is added to the rendering images gy (c) and reward model determines
win/lose based on one-step prediction of pretrained diffusion models €4. 3D representation ¢ and
negative embedding n are updated by our objective Lpsp(6) and reward score respectively.

3.1 LINKING PREFERENCE TO GUIDANCE

The foundation of our framework is built upon a recent insight (Li et al., 2025¢; Yan et al., 2025; Wu
et al., 2024) into the connection between differential representation optimization and the denoising
process of diffusion models. In Eq. 5, d(g—’t) can be viewed as the learning rate [r of an optimizer
and €4(-) can be viewed as the gradient V.L of d(££). In order to guiding ; with preference, we
formally introduce a binary variable Syt as human-preferred properties for constrained conditions.

T o
d(=) = d(=") - €4(@1, Y, Sprer 1) (5)
Ot Qi N—_———
— vL
and apply Bayes’ rule
th 10gp¢ (mt | yv‘spref) = vmt 10gp¢> (mt | y) + vmt 10gp¢ (Spref | T, y) . (6)

A naive solution is to train a “classifier” (reward model) to estimate the probability of x; aligning
with human preference pg (Spref | @+, €), but the drawback majorly involves: 1) introducing addi-
tional training to produce appropriate gradients and 2) reward models needs to perform at arbitrary
timestep, but it can be only trained with clean images so we have to approximate clean data during
early steps when noise is large (Dhariwal & Nichol, 2021). Thus, we seek to formulate CFG-type
guidance.

To achieve this, our high-level idea is to construct gradient via win-lose pair similar to DPO (Rafailov
et al., 2023; Zhu et al., 2025a) such that the denoising process is pushed to increase the likelihood
of wining sample. We first introduce Bradley-Terry (BT) model (Bradley & Terry, 1952) for human
preference

P (Sprer | e, y) =p (2 = @} | 2e,y) =0 (r(y,2)) — 7 (y,2})) (7
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where o(+) represents the sigmoid function, 7(+) is reward model, ) = x} represents =} and x} are
win-lose pair examples respectively. Different from off-line preference optimization, we construct
xY and x} in Eq. 7 online in order to link preference with inference-time guidance. Consequently,
replace py (Spret | @+, y) in Eq. 6 with Eq. 7 then Eq. 5 becomes

d(%) - d(%) (es(@ey,t) —or (Lo (r(y.a}) =7 (y,21)) Ve, (r (v, 2}) =7 (v,21))))
®)

The primary challenge of solving Eq. 8 is term Vg, (r (y, @}) — 7 (y,@})) being not tractable.
Fortunately, we can rewrite the reward using the unique global optimal solution pf, of Eq. 4 varied
from (Rafailov et al., 2023), which is

py(@ely)
+ plog Z(x. )

. = go(@) ()
where Z(x) is a trivial partition function since it eliminates directly. Then, we employ reparam-

eterization trick by pugging Eq. 9 into Eq. 8, such that we have our proposed preference guided
ODE:

r(y, x;) = Blog

A=A

Qi Qi

) : €¢(mt7y7t) +ﬂ0’ (T (ya mi) -r (y’ m’tw)) (6¢($11€Ua yvt) - E¢(.’I}i, y7t))
—_——

(4) (B)
(10)

Observe Eq. 10, if we force a frozen pretrained diffusion model (substituting pj, with py), term (A)
will be analogous to unconditional score in Eq. 3, and newly introduced term (B) will be analogous
to the implicit classifier 6.;s. As for term o (r (y, wi) —r(y, w@”)) it weights the guidance term by
how incorrectly the implicit reward model ranking the win-lose pair. Generally, we name the term
(B) as preference score guidance and denote as Opy.c .

In practice, we calculate the reward on noisy steps 7 (y, ;) with the approximation r (y, &) based

on Tweedie’s formula (Efron, 2011) & = %@“M, and choose the sample with higher score

to be . Furthermore, to reduce the number of forward passes in each denoising step, we replace
term (A) with €,4(x}’, y, t) and apply CFG to calculate the win/lose score in d,,. s as well.

3.2 PREFERENCE SCORE DISTILLATION

A key feature while formulating Eq. 10 is the introduction of on-the-fly win-lose pair. For score
distillation, (Zhou et al., 2025) has shown the use of different noise to construct win-lose pair. In
our Eq. 10, if we define

¥ = oz, + ore, T = oy, + 04€, (11)
where x. is a non-noisy sample (whether it is one-step predicted samples from (Lukoianov et al.,
2024) or clean space samples from (Yu et al., 2024; Yan et al., 2024)), €,€ ~ N(0,1I) are two
independent noise, then our preference guidance d,,.s will become a velocity field that pushes the
samples towards high reward regions in all conditions. Eventually, with the change-of-variable
(Lukoianov et al., 2024; Yan et al., 2024; 2025) technique already discussed in previous works,
guiding 3D generation using Eq. 10 can be formulated as objective

Oge(c
VQLPSD(H):]Et,c (5gen+750ls+/87'6p7'ef) ggé) , (12)
where unconditional prior dge, = €p(x}’,t) — € and we set B, = VM
pre 2

o (r(y,z) —r (y,2})) to balance the gradient produced by CFG and our preference score guid-
ance. Notice that d4cy, is a general formulation for score distillation (Poole et al., 2023; Yan et al.,
2025; McAllister et al., 2024; Yu et al., 2024; Zhu et al., 2025b) methods although their derivations
may differ. We present the illustration of overall mechanism in Fig. 2.
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3.3 ADAPTIVE UPDATE OF PREFERENCE SCORE AND NEGATIVE EMBEDDINGS

In Section 3.1, we assumed a frozen dif-
fusion model py. However, it can im-
pose limitations on the effectiveness of —— Ir=1.0e-04
our proposed preference guidance, espe- _ ::g-gz:gi
cially when 3D generation via score dis- — MVDream
tillation usually requires in thousands of

denoising steps. The reason behind is pg
is never updated so that the optimal so-
lution pj can never be approached. On
the other hand, since we only perform
prompt-specific optimization, it is not
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itself even only part of the parameters (a) Reward score of wining sample during optimization
(e.g. LoRA (Hu et al., 2022) implemen- gl g s
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Therefore, inspired by ReNeg (Li et al.,
2025a), which regards the negative em- : Z5: S S S
bedding as part of the model param- MVDream [r=1e % Ilr=4e* Ir=8e*
eters, we develop an algorithm which
adaptively update the preference score
and negative embeddings. Specifically,
we initialize the negative embedding
with hand-crafted negative descriptors
and negative embedding n is updated by
maximizing

(b) Results with different learning rate of negative embedding

Figure 3: Effect of negative embedding optimization
strategy on single prompt. Employ negative embedding
optimization can significantly improve aesthetic score,
but overlarge learning rate will harm visual quality.

‘CEmb(n) = IE:c [T(yv :i:(])] ) (13)

To enable training with negative embedding, & is the same one-step prediction used in Eq. 10, so
that negative embedding can be involved while incorporating with CFG. We find it enough to share
the same negative embedding for all viewing direction c.

For better viewing the effect of our proposed negative embedding optimization technique, Fig. 3
illustrates the curves of target reward score during optimization with different learning rates and
their respective results. Comparing the end-point score and the visual quality, larger learning rate
will bring benefits of higher score but result in “reward hacking” (Kim et al., 2025b; Gao et al.,
2023). Thus, we make several practical trade-off (presented in Appendix H.1). Eventually, we
achieve aesthetic score improvements that align with human perception.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUPS

To assess the performance, our experiments include various settings under the same codebase three-
studio (thr, 2024). For direct comparisons with existing score distillation preference alignment meth-
ods, we use 200 test prompts from Eval3d (Duggal et al., 2025) to perform a one-stage distilling of
MVDream (Shi et al., 2024). To justify our proposed PSD on high-resolution generation, we further
evaluate on several more complex pipelines. In the 2-stage NeRF (Mildenhall et al., 2021) synthesis
and 3-stage DMTet (Shen et al., 2021) synthesis, we first distill MVDream and then Stable Diffusion
v2.1 (Rombach et al., 2022). Since these pipelines require more optimization time, we evaluate on
a more difficult filtered 40-prompt subset presented in Appendix H.6. For target reward, we ap-
ply HPSv2.1 (Wu et al., 2023) if without specification. As for evaluation metrics, we assess with
human preference reward ImageReward (Xu et al., 2023) (I.R.), PickScore (Kirstain et al., 2023)
(Pick.), Aesthetic scores (Schuhmann) (Aes.), Multi-dimensional Preference Score (Zhang et al.,
2024) (MPS) and VQA model Qwen2.5-VL-7B (Bai et al., 2025) for text-3D alignment (T.A.) us-
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Figure 4: Qualitative comparison of single-stage distillation of MVDream (Shi et al., 2024) (256 X
256). Our PSD significantly improve text alignment (red) and visual quality against comparing
method DreamRewad (Ye et al., 2025) and DreamDPO (Zhou et al., 2025).

ing the question-answer pair generated in Eval3d. More implementation details are presented in
Appendix H.

4.2 RESULTS

Quantitative comparisons. Shown
in Tab. 1 and 2, our PSD outper-
forms all other methods, which in-
dicates improvements on generation
quality as well as alignment with ~ HPSV2.1

Rewards \Methods LR. 1 Pick. 1 Aes. T MPS {1 T.A. 1

MVDream -0.22 20,55 579 930 53.14
DreamDPO  -0.28 20.48 5.80 9.00 75.68

human preference. Speciﬁcally, Ours 0.12 2099 592 10.26 75.70
comparing with DreamDPO (Zhou Reward3p | PreamReward 1.78 - 21.40  6.15  10.19  74.37
et al., 2025), a method that uses +QOurs 1.80 21.49 6.25 10.40 90.63

pretrained 2D reward, we achieve

a more significant improvements, Table 1: Quantitative Comparison of single-stage distillation
highlighting our ability to unleash of MVDream (Shi et al., 2024) across 200 prompts in Eval3d
2D reward. As for cooperating (Duggal et al., 2025) with different rewards. Higher values
with method that requires additional  are better (1). The best performance is in bold.

training represented by DreamRe-

ward (Ye et al., 2025), our results

still showcases our advantage on text-3D alignment. Besides, Reward3D finetuned in DreamRe-
ward enforces 4 input view and is not memory feasible for high-resolution generation. Additionally,
we compare with RichDreamer (Qiu et al., 2024), a method that introduce extra multi-view normal,
depth, albedo diffusion priors. The results proves that misalignment of human preference commonly
exists even when stronger diffusion priors are employed.

Qualitative comparisons. We provide qualitative comparison in Fig. 4 and 5. Baselines and
previous methods deviate from given prompt text, while employing our PSD can lead to macroscopic
improvements on text alignment (marked in red) and visual details. Also, noticing DreamReward
will introduce artifacts, we provide supplementary evaluations of geometry quality in Appendix 13.
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Figure 5: Qualitative comparison of 2-stage NeRF (Mildenhall et al., 2021) (512 x 512) and 3-Stage
DMTet (Shen et al., 2021) (1024 x 1024) generation. PSD improves alignment with the prompts in

red.

Pipeline | Methods LR.t Pick.T Aes.? MPST TA.?7
CFD -0.09 20.16 5.63 10.03 71.84

DreamReward OOM
2-StageNeRF | by omDPO  -0.06  20.18 540 1004  76.18
Ours 0.01 20.27 5.95 10.22 81.34
CFD -0.44 19.76 5.30 9.45 71.84
3-Stage DMTet | RichDreamer*  0.02 19.68 5.92 8.24 76.45
Ours -0.40 19.92 5.34 9.64 81.81

Table 2: Quantitative Comparison of 2-stage NeRF (Mildenhall et al., 2021) and 3-Stage DMTet

(Shen et al., 2021) generation across 40-prompt subset.

Higher values are better (). The best

performance is in bold. Comparison method DreamReward (Ye et al., 2025) suffer from out-of-
memory (OOM). * indicates method uses stronger diffusion priors.

Noticing the misalignment of quantitative and qualitative comparisons, we believe this is also due
to reward hacking. Limited by the space, more discussion is presented in Appendix G.

User study. To validate the efficacy
of our proposed method to real human
users, we present a user study involv-
ing 24 participants. They are required to
choose the better one for each compar-
ison across four dimensions: Appear-
ance Quality, Structure Quality, Text
Alignment, and Overall Performance.
The survey consists of 30 pairs of videos
created from MVDream, DreamDPO,
DreamReward, and our PSD. Shown in
Fig. 6, our PSD received higher prefer-
ence score, which is consistent with the
results previously given by reward mod-
els. More details of this user study is
included in Appendix H.3.

Ours 86 n DreamDPO
ours = _ DreamReward
Ours 81 - MVDream

0 20 20 60 80 100

Preference [%]

Figure 6: User preference study of comparing PSD with
MVDream, DreamDPO, and DreamReward.
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the moon with a a bottle of red
smiling face wine

W/0 Spref DDIM

Ours

a panda bear with an image of the A cat dreaming orange jello in
aviator glasses on moons of the  about becoming the shape of a
its head planet Jupiter  a tiger man

Figure 7: Preference score guidance on image generation.

Methods Target Unseen Rewards
HPSv2.11T LR.1T Pick.T MPST
DDIM 0.25 0.22 21.30 9.77
W/0 Oprey 0.25 0.04 21.15 9.51
Ours (Eq. 12) 0.26 0.22 21.23 10.30

Table 3: Ablations of preference score on 2D image generation. Since our final results and exper-
iments without d,,.s are performed using optimization, standard DDIM (Song et al., 2021a) are

marked in gray.

4.3 ABLATION STUDY

Ablations on negative embedding optimization. In Fig.
3, we analysis the behavior of our negative embedding op-
timization strategy on single prompt. Quantitative abla-
tion is presented in Tab. 4. We evaluate on the 40-prompt
subset with MVDream, PSD with preference score guid-
ance only (w/o n*) and PSD with negative embedding
learning rate 4e~* (Ir = 4e~%). The results verify that our
practical trade-off is necessary such that appropriate neg-
ative optimization can benefit improving aesthetic scores.

Ablations on different reward models. Theoretically,
PSD is compatible with any pretrained 2D reward model.
To present the difference, we incorporate ImageReward
(Xu et al., 2023). Shown in FIg. 8, different reward
models may benefit performance (capturing concept like
”streaming” and “growing on a log”), but for the sake of
fair comparison, we don’t introduce any new models and
inherit from the comparison methods instead.

Ablations on the preference score. To justify the com-
patibility of our preference guidance with PF-ODE, we

w/ HPSv2.1 w/ ImageReward

a brightly colored mushroom growing on a log

Figure 8: Ablation of choosing differ-
ent reward models.
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Experiments Target Unseen Rewards Generation Speed
HPSv2.11t LR.7T Pick.T MPS*T
MVDream 0.20 -0.63 19.22 8.39 2.92 it/s
DreamDPO 0.19 -0.70  19.15 8.58 1.45it/s
wl/on 0.20 -0.60  19.28 8.51 1.45 it/s
Ir =4e4 0.24 -0.49  19.85 9.98 1.19it/s
1/5it=1 0.21 -0.38 19.45 9.35 245 it/s
1/2it=1 0.22 -0.25 19.72 9.70 1.50 it/s
Ours 0.23 -0.25  19.99 10.12 1.19it/s

Table 4: Ablations on negative embedding optimization strategy. w/n represents experiments with-
out negative embedding optimization. Ir = 4e~* represents experiments with higher learning rate of
learnable embedding. 1/5it~! and 1/2it ! represent performing preference guidance and negative
embedding optimization with a interval of 2 and 5 steps repectively.

directly use Eq. 12 to guide the diffusion process of parameterized images. Following common con-
figurations of DDIM (Song et al., 2021a), we update the latents 50 steps but with a Adam (Kingma
& Ba, 2014) optimizer. This is based on the fact that image can also be parametrized (Kim et al.,
2025a; Luo et al., 2025). Specially, to share the same dynamics with DDIM, we replace one of €, €’
in Eq. 11 with the noise €4 (s, y, s) predicted at more noisy timestep s as discussed in (Lukoianov
et al., 2024). Evaluations with Stable Diffusion v1.5 on Parti-Prompt dataset (Yu et al., 2022) is
presented in Tab. 3 and direct visual comparison is shown in Fig. 7 . Comparing with results of
DDIM and optimizing Eq. 12 without ., introducing the preference guidance will significantly
improve reward scores and even outperform the original DDIM. It is a strong evidence to prove
that our preference guidance can lead the generation process towards high-reward regions. Besides,
comparing the scores of target and unseen rewards, using preference guidance alone will reduce the
risk of reward hacking. Pseudo code of this experiment is listed in Appendix H.5.

Time Consumption. Since the preference guidance is formulated into a CFG-style term, it can be
calculated within one forward pass of diffusion model. As a consequence, if the reward model also
supports batch inference, the only additional computational consumption for each step is to update
the negative embedding. Considering that the size of negative embedding is comparatively small,
times consumption should be acceptable. Results are in Tab. 4, where we provide two additional
settings. A larger interval between adjacent reward signal leads to significant accelerations while
our method still outperforms baselines, showing the efficacy of our proposal.

5 CONCLUSION

In this paper, we propose Preference Score Distillation, which basically implies that preference
optimization in score distillation can be regarded as a type of guidance. To link preference with
guidance, we start by deriving preference score guidance under our modified definition of RLHF. By
constructing win-lose pair on-the-fly, we achieve effective guidance to the optimization process of
score distillation. We also develop an adaptive update strategy to unleash the potential of preference
score guidance, noticing the parameters of pretrained diffusion models are not updated. During
the entire procedure, we successfully avoid additional training of reward models using 3d data,
and demonstrate significant improvements on generating highly photorealistic, human preference
aligned 3d objects.

Limitations. Inheriting computational demands from prior score distillation methods, PSD opti-
mization requires one to several hours per generation, limiting real-time applicability. While this
work primarily investigates differentiable rewards, future work should explore non-differentiable
objectives (e.g., vision-language model ensembles). Although PSD elevates aesthetic metrics, its
performance remains bounded by the reward model’s capabilities, risking distribution shift or re-
ward hacking. Moreover, as PSD’s output depends directly on the reward model, implementing
content filtering modules is essential to prevent malicious content generation.
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A DISCLOSURE OF LLM USAGE

In this work, large language model is limited as a general-purpose writing assistive tool. The model
only supported us in improving the clarity and readability of the manuscript through suggestions
on phrasing and style. It did not contribute to data collection, data analysis, modeling, proofs,
experiments, or interpretation of results. All technical content, algorithms, and experimental designs
were conceived and validated solely by the authors, and all outputs from the LLM were critically
reviewed, revised, or discarded before inclusion. No confidential, proprietary, or non-public data
were provided to the LLM, and the authors remain fully responsible for the integrity and accuracy
of the work.

B REPRODUCIBILITY STATEMENT

To facilitate reproducibility, we refer readers to the following resources: the full algorithm descrip-
tion and training procedure in Sections 3,4 of the main text; complete hyperparameter settings,
optimization details, and evaluation protocols in Appendix H; anonymous, scripts and configura-
tion files provided in supplementary materials (.zip file); explicit assumptions and complete proofs
for theoretical claims in Appendix F. Any deviations from default settings are noted in the code
and cross-referenced in the main text. Together, these materials are intended to enable independent
verification and replication of our results.

C ETHICS STATEMENT

This research was conducted in accordance with the ICLR Code of Ethics. The work does not in-
volve human subjects, personally identifiable information, or sensitive data. All datasets used are
publicly available and properly cited, and no proprietary or restricted-access data were employed.
Care was taken to ensure that the proposed methods do not intentionally propagate or amplify harm-
ful content, bias, or discrimination. The code and datasets will be released in an anonymized form
to support transparency, reproducibility, and accountability. The authors affirm compliance with
all relevant ethical standards and accept responsibility for the integrity and potential impact of the
research.

D TABLE OF NOTATIONS

We use consistent notations across the main paper and supplementary materials, which are listed in
Tab. 5

E RELATED WORKS

E.1 DIFFUSION MODELS

Diffusion model (Ho et al., 2020; Song et al., 2021b;a) is a class of generative models that learn
to reverse a diffusion process which gradually adding noise to a data distribution. With the in-
troduction of latent space (Rombach et al., 2022), DM has proven its scaling ability to generate
high-dimensional, perceptual data such as image Esser et al. (2024); Sauer et al. (2024) and videos
Blattmann et al. (2023). Among the dense theory behind, interrelating the diffusion process into
a Probability Flow Ordinary Differential Equation (PF-ODE) or Stochastic Differential Equation
(SDE) (Song et al., 2021b) is an essential step towards a unified framework in pursuit of mathe-
matically guaranteed high-quality generation. In representation, Stable Diffusion (Rombach et al.,
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Notation Description

Ty State variable at timestep ¢

Qy, Oy Time-dependent coefficients

€, ¢ Noise sampled from Gaussian distribution

€s(+) Diffusion models parameterized by ¢

y Conditioning text prompt embedding

n Negative prompt embedding

y Scaling factor in CFG

15} Scaling factor in RLHF

r Reward

g0(*) Differential 3D representation parameterized by 6

q0(+) Marginal distribution determined by parameter 6

c Rendering camera view

Dxv[] KL-divergence

Spref Binary variable represents human preference

T, Non-noisy sample

o One-step prediction sample based on Tweedie’s formula &g = %j"z’m
¥, x! Win-lose sample pair at timestep ¢

B Adaptive scaling factor 3, = v ||‘(‘Siwlef||H22 e (r (y, ) —r (y, :cf‘))

Table 5: List of notations and their descriptions.

2022) has developed a stack of variations that significantly promote the quality and efficiency of
photorealistic generation.

E.2 PREFERENCE ALIGNMENT OF DIFFUSION MODELS

Although web-scale pretraining enables promising performance to diffusion models, they may de-
viate users’ preference. To overcome the issue, a line of works focuses on using Reinforcement
Learning from Human Feedback (RLHF) for fine-tuning. For example, Wu et al. (2023) trained a
human preference classifier to employ supervised fine-tuning with preference-based reward model.
Xu et al. (2023) also trained reward model but they directly maximize reward through backpropaga-
tion of differentiable scores. DPOK (Fan et al., 2023) and DDPO (Black et al., 2024) apply policy
gradient to the sampling process of diffusion models modeled by Markov decision process. How-
ever, the major drawback reward over-optimization (Kim et al., 2025b; Gao et al., 2023) which may
harm generation quality and diversity. Then, impacted by the success of Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023) in large language models (LLMs), Diffusion-DPO (Wallace
et al., 2024; Yang et al., 2024a) and D3PO adopt denoising steps of diffusion models to perform
DPO. Furthermore, several recent works adjust the DPO objective with the essential characteris-
tics of diffusion models. DSPO (Zhu et al., 2025a) modifies the time-dependent score matching
objectives to distill the score function of human-preferred image distributions into pretrained score
functions. InPO Lu et al. (2025a) and SmPO-Diffusion (Lu et al., 2025b) applies DDIM inversion
technique in response to the challenge of the implicit rewards allocation in the long-chain denois-
ing process. Diffusion-NPO (Wang et al., 2025a) and Self-NPO (Wang et al., 2025b) address the
efficacy of classifier-free guidance (CFG) and train a model attuned to negative preferences to bias
away from the negative-conditional inputs.

Another line of work focuses on test-time alignment. DOODL (Wallace et al., 2023) directly opti-
mizes the diffusion latents at each timestep through the backpropagation of the reward model. Yeh
et al. (2025) seeks to synthesize theocratically optimal noises based on multiple evaluations. DNO
Tang et al. (2024) turns to optimize the initial noise and develops a zeroth-order optimization al-
gorithm for non-differential rewards. Unfortunately, all these improvements come with significant
overload. Due to the special property of score distillation, our work provides a new perspective for
preference alignment.
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E.3 TEXT-TO-3D GENERATION

The area this work belongs is distilling 2D into 3D. Based on the success of text-to-image diffu-
sion models, Score Distillation Sampling (SDS) (Poole et al., 2023) was first proposed to distill a
pretrained diffusion model €4 to generate 3D assets. Instead of guiding the optimization of differ-
entiable 3D shape representation with PF-ODE (SDE) in the main paper, SDS aims to find modes
of the score functions across all noise levels. Following the notations in the main paper, it can be
expressed as updating the 3D representation with

VoLsps(0) = VoEy c.e [0r/ow(t)KL (q(z¢]ge(c); y, 1) |pe(2e5 9, 1))]

14
= B |wt)es (o, 1) — 0 20| (14)

Many followup works devote to improve the behavior of SDS from many aspects, including improv-
ing view-consistency (multi-face Janus problem) via introducing stronger diffusion priors (Jiang
et al., 2025; Qiu et al., 2024), boosting geometry quality through coarse-to-fine training (Chen et al.,
2023; Lin et al., 2023; Yang et al., 2025a), and accelerating generation process by applying more
advanced 3D representation (Gu et al., 2024; Chen et al., 2024) or parallelization (Zhou et al., 2024).
Moreover, despite advancing technically, several recent works build connections between score dis-
tillation and PF-ODE through deterministic noising (Wu et al., 2024; Yan et al., 2025; Lukoianov
et al., 2024; Yan et al., 2024) or consistency training (Li et al., 2025¢; Zhu et al., 2025b). Comparing
with mode-seeking objective in Eq. 14, these methods yield significant improvement on fidelity
and diversity. In this perspective, our work aims to seek minimum conflicts to these advancements
while aligning with preference, but for other relevant existing works, they basically only consider
the derivation from Eq. 14. DreamReward (Ye et al., 2025; Liu et al., 2025a) fine-tunes a reward
model from ImageReward (Xu et al., 2023) to approximate the shift towards an ideal noise pre-
diction network aligned with human preference. DreamAlign (Liu et al., 2025b) trains a reference
noise prediction network using proposed D-3DPO algorithm and derive a preference contrastive
loss. DreamDPO (Zhou et al., 2025) completely eliminate the use of reference model, but we find
it unstable and will do harm to fidelity. Concurrent work DreamCS (Zou et al., 2025) address the
geometry alignment issue through training a new reward model, but it is still under the framework
of DreamReward.

Despite generating 3D assets through distilling 2D diffusion priors, other prevailing paradigms such
as leveraging large reconstruction models (Hong et al., 2023; Tang et al., 2025) or native 3D gen-
eration (Xiang et al., 2025) also shows attractive performance especially on speed and geometry.
However, due to the lack of high quality data and expensive computational demands, preference
alignment have barely been explored in these fields.

F DERIVATION DETAILS OF PREFERENCE SCORE GUIDANCE

F.1 FroMm EQ.8 TO EQ. 12

To get the expansion in Eq. 12, the core is to handle term V, (7 (y, ;) — 7 (y, «})). Our solution
is to use the implicit reward rewritten by the global optimal solution pj, in Eq. 9, which is

* (W * (l
Voo (r (n.2F) =7 (v.2})) = AVo 10z — DY) g Pel@ly)

qo x|z = go(c)) go(zt|z. = go(c))

As already discussed in (Poole et al., 2023), Vgpg(x|y) is the definition of score function and
Voqo(x:|xo = go(c)) is the gradient of the entropy of the forward process with respect to the mean
parameter, which is

Vo log qg(wt\wo) =0
(s, y,t) Dgo(c) (16)
Ot 80 ’

Vo logpg(x:|y) = —
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If we approximate pj with p, for each step, then put everything together in Eq. 8, we have

A = A(ZL) - (esleny ) — oull = olrly.22) = r(y £V 1y 28) — ()
gt € 5'3;,”7 } € ‘Tlt’ )
= (2ol t) — Bouolr(y, ah) = r(y, o) (- LI (T D Dy,
= d(%) ’ (6¢(wtay7t) + 8o (T(:%wlt) -r (yaﬂ’/‘?’))(%(w?ayvt) - €¢($i,y,t))) .
e ad VL

—lIr

a7

Mechanistically speaking, our preference score guidance perfectly align with DPO (Rafailov et al.,
2023) where gradients are in the direction of increasing the likelihood of preferred samples, but
more importantly, we successfully build connection between preference and guidance so that our
PSD is performed without additional training. Also, thanks to the flexibility of score distillation,
we are able to get access to different noise at each denoising step, which enables to implement the
crucial win-lose score prediction in our preference score guidance.

Change-of-variable technique. Considering the chain rule in Eq. 16, it is intuitive to replace
@ with gg(c) and directly use VL to update 3D representation. However, as discussed in many
previous works (Lukoianov et al., 2024; Yan et al., 2025; Wu et al., 2024), since the rendering
images are non-noisy, it will suffer form out-of-distribution issue. Therefore, they develop several
noising techniques including fixed noise, DDIM inversion and integral noise. Discussing these
noising techniques is out of the scope of this paper, but it is necessary to point out the change-of-
variable techniques in our PSD is applied to Eq. 5 and results in affecting the unconditional term so
that our objective Eq. 12 can be formulated in a general form without the need of further discussion.
Meanwhile, based on the above discussion, a great advantage of our PSD is it can combine with
these noising techniques seamlessly which has been shown previously in the ablation of preference
score for 2D image generation. For 3D generation, we test with integral noise (Kwak et al., 2024;
Chang et al., 2025) modified by CFD (Yan et al., 2025) in the 2-stage NeRF and 3-stage DMTet
generation pipeline where wining noise (one of €, €’) is replaced with

|
G(p) = T A;Zp

For the query pixel p, Q, = T~ !(ctw.(p)) is covered by after p is warped to a pre-set constant
reference noise. For more details of this algorithm, interested readers may refer to the original
paper of CFD (Yan et al., 2025), what’s important is our experiments shown in Tab. 2 proves our
compatibility with these nosing techniques.

W(A). (18)

F.2 JUSTIFICATION OF DEFINITION IN EQ. 4

Our derivation heavily rely on the definition in Eq. 4. Therefore, discussing its validity is of first
priority. We justify it by showing two representative works can also be related to this definition.

DreamReward (Ye et al., 2025):

0 ewar 7-@ ,C 0 c
V0£DreamReward(9) = IEt,c,e |:w(t) <6¢($t;y7t) - Ar TR d3D(y 0 ) - 6) 99( )

. (19)
9g0(c)) 90 ]
DreamReward fine-tunes a view-dependent reward model Reward3D which approximates the dif-
ference between optimal diffusion model €, and current diffusion model €, with

* . _ arRewardSD(wta yvt) _ _ar<wt7 yvt)
€¢(wtay7t)) €¢>(wtay7t)) = 899(0) - age(c) (20)

Note that the purpose of our definition in Eq. 4 is to formulate the preference guidance through im-
plicit reward based on the connection between score distillation and diffusion process built by recent
works (Kwak et al., 2024; Yan et al., 2025; Lukoianov et al., 2024). However, DreamReward follows
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the framework of SDS, so in order to directly formulate a objective to optimize 3D representation,
we make a revision to Eq. 4:

max Et c.elr(y, )] — BDkL[pe (2:]y)||go(xt|T0 = go(c))], 2

Difference is the expectation we take is with respect to the added noise and parameters we tune is
3D representation #. This modification enables the objective to seek modes of the score functions,
which fits in the framework of original SDS. After that, calculating its gradients directly (apply
Sticking-the-Landing (Roeder et al., 2017) type gradient suggested in (Poole et al., 2023) and set
Ar = 1/5) leads to

VoE:[r(y, @:)] — BVoDkilps (@:]y)|lge (2|20 = go(c))]

_ E[aa(gi(x)) 20NE) ) By [wt)e ~ ol t»agg§0>]
—E,. [w(t)(qu(:ct, yt) + A aggz,(z;) ¢ aggéc)] -
—E,. {w(t)(%(wt, yit) = Ar mRewang(Dc(;E nhl g 895?}
DreamDPO (Zhou et al., 2025):
Vo Loreandro(0) = Erc [wa) (co(@?,9,6) = ) = (co(@h,p,1) — ) agaé)] @9

We ignore the hyperparameter 7 in (Zhou et al., 2025) since it is used to resolve numerical instability.
Similar to the idea of Diffusion-DPO (Wallace et al., 2024), r (y, ;) can also be parameterized by
a neural network ® and estimated via maximum likelihood training for binary classification

Lpr(P) = —Ey,w?m@ltm [loga (’I"q> (y, m}”i") —re(y, wi‘“e))] , (24)
and plug the implicit reward rewritten by the global optimal solution pj, in Eq. 9, so that we get

VoLpr(0) = —Ey go oo (r (y.2}) — 7 (y,2}))

* w % 1
- BV (log id)(wt y) g ?¢(mt|y)
w(@Tee = g0() " aailee = go(e) es)
Yoyt Loyt
= Eyapalo(r(y. @) - r(y,w;v»(—wgiy) _(E@nyt)y
t o

= Ey,a:‘g’@‘t [U(TQJ; CBE‘,) - 7"(3/, w?))(ecﬁ(az?’a Y, t) - €¢(wlt7 Y, t))}
Then, as suggested by (Poole et al., 2023), if we use Sticking-the-Landing type gradient to control

variate by keeping the noise added in Eq. 11, we have an objective similar to Eq. 23. The only
difference is the weight o (r(y, z}) — (y, z})).

G COMPARISONS WITH EXISTING METHODS

Comparison with SDS. Although our derivation is from the perspective of PF-ODE in Eq. 2, as
already discussed in many previous paper Lukoianov et al. (2024); Yan et al. (2025; 2024); Kim
et al. (2025a) SDS can be treated as a special case. Therefore, Eq. 12 can cover all these variants.
The main difference is we derive an additional preference score guidance while SDS only consists
dgen and d¢s. Also, in Eq. 15, we don’t additionally apply a Sticking-the-Landing type gradient
since it is only a guidance.

Comparison with DreamReward. In Eq. 22, DreamReward can be interpenetrated as the gradient
of our defined RLHF objective , which implies it’s also introducing additional guidance to the gen-
eration process. In the formulation of ODE, it can be not strictly written as (omit time-dependent
coefficients as well)
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d(%) = d(%) - (€g(x,y,1) = Va,rRewardsp (Y, Tt €)) - (26)
Obviously, comparing Eq. 26 with classifier guidance in (Dhariwal & Nichol, 2021), the reward
model provides extra guidance that requires pixel-wise gradient directly operating on x;. This en-
forces retraining of the reward model and is defective when a) 3d data is rare, b) intermediate noisy
steps. In contrast, our PSD overcomes this issue completely. At each timestep, two terms in prefer-
ence score guidance are both the output of the pretrained diffusion models, and the negative embed-
ding optimization strategy also avoids directly operating on x;. Consequently, our results presents
much less artifacts. In addition, this perspective directly reveal the source of reward hacking in
DreamReward.

Comparison with DreamDPO. Apart from the mainstream derivation we present in the main paper,
the novelty of our approach can be supported by another intuition given by the connection between
CSD (Yu et al., 2024) and DreamDPO under our framework. While comparing with DreamReward,
we can easily write Eq.26, but for DreamDPO, its connection with denoising trajectory is ambigu-
ous. The breakthrough is from the motivation of CSD. CSD notices SDS is heavily relied on high
CFG value, so they investigate and discover that using term d.;5 (p(y|®:)) alone is enough to gener-
ate 3D assets. While under our derivation, DreamDPO is actually p (Spref | €+, ), so this explains
the mechanism of DreamDPO in another important perspective.

CSD DreamDPO Ours

a large, hollow, asymmetrically shaped amphitheater, with jagged stone seating, nestled in a
natural landscape, a classical play being performed as the sun sets

zoomed out view of Tower Bridge made out of gingerbread and candy

Figure 9: Comaprsion with CSD (Yu et al., 2024) and DreamDPO (Zhou et al., 2025). Artifacts are
marked with red circles.

To verify this claim, we perform a simple comparison. A major drawbacks of CSD is it will also
result in artifacts (Yu et al., 2024; McAllister et al., 2024). Shown in Fig. 9, CSD and DreamDPO
produces similar pattern of artifacts, while our PSD behaves normally. Therefore, based on the above
analysis, our work is fundamentally different from DreamDPO even not considering the negative
embedding optimization strategy.

Comparison with other works applying prompt embedding optimization. There has been sev-
eral previous also applying prompt embedding update but for completely different reasons. Di-
verseDream (Tran et al., 2025) employ HiPer token inversion to augment diversity and update the
last several token of prompt embedding y to achieve similar effect of VSD Wang et al. (2023) in a
memory-efficient way. LODS (Yang et al., 2025b) also optimize null (negative) embedding, but in
order to reduce CFG value via “normalizing” SDS. On the other side, we incorporate CFG to update
negative embedding in order to improve network towards higher rewards, which is novel to existing
methods.

H IMPLEMENTATION DETAILS

In this appendix, we describe the missing details of implementation in the main paper.
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H.1 CONFIGURATION

For fair comparison, we do not propose any new regularizer and maintain same configuration for all
methods in each experiment.

Single-stage distillation of MVDream. The configuration of this experiment follows baseline
method MVDream (Shi et al., 2024), where only orientation loss proposed in (Poole et al., 2023)
is used. The optimization takes 10000 steps with the weight of orientation loss linearly increasing
from 10 to 1000 in the first 5000 steps. Training resolution is set to be 64 x 64 in first 5000 steps
and 256 x 256 in the latter. For our negative embedding optimization strategy, learning rate is set
as le~* constantly. Due to memory limitation, Lambertian shading is not used in this setting. Be-
sides, for experiments using Reward3D (”+Ours”), we combine negative embedding optimization
with DreamReward instead of using preference score for fair comparison.

2-stage NeRF generation. The configuration of this experiment is adapted provided in baseline
method CFD (Yan et al., 2025), which is performed based on previous experiment. The optimization
takes 20000 steps in resolution 512 x 512 with the weight of “z-varience” loss proposed in (Zhu
et al., 2024) being 10 and normal smooth loss being 1000. In the latter stage, negative embedding is
optimized with a linearly decreasing learning rate from 1le~* to 0 in the first 1000 step.

3-stage DMTet generation. This experiment is also performed after single-stage distillation of
MVDream. Geometry optimization takes 15000 steps and texture takes another 20000 steps, with
both resolution being 1024 x 1024. Since reward models are trained in RGB space, we only PSD in
the texture space with learning rate being 1e =9 in the first 1000 step.

H.2 METRICS

Human preference reward models. For ImageReward (Xu et al., 2023), PickScore (Kirstain et al.,
2023), Aesthetic scores (Schuhmann), and Multi-dimensional Preference Score (Zhang et al., 2024)
we evaluate the average of the scores across 60 equally spaced views and their corresponding text
prompts.

VQA models. We apply Qwen2.5-VL-7B (Bai et al., 2025) to calculate the text-3d alignment score.
The question-answer pair we utilize is generated in Eval3d (Duggal et al., 2025). We evaluate across
12 renderings. For more details, please refer to (Duggal et al., 2025).

In order to compare geometry quality, we use the following metrics newly proposed from Eval3d:

Geometric Consistency. It measures the consistency between the surface normals analytically de-
rived from the 3D representation and the normals predicted by a dense estimation model from 2D
images. Our analytic normals are calculated using PyTorch auto-differentiation and estimated nor-
mals are calculated by converting from depth estimation from Depth Anything (Yang et al., 2024b),
same as the original paper. The metric is calculated as follows:

1 .
Geometric consistency = A Z%[arceos(n;“dl . ngred) < 4" 27
Pp

anal ., pred

where NV, is number of valid pixel p, ¥ (-) is indicator function, n{"™, nj,™" are analytical and esti-

mated normals respectively. 6"™ = 23° is a threshold.

Semantic Consistency. This metric measures the change of the underlying content and semantics. It
projects 3D point  to 2D DINO feature {FPINO of each rendered image via projection 7 to retrieve
its corresponding features. Then calculate

Z%[mean(\/ar({}?mo(ﬂw (z¥"))})) < N9 2

vert pvert

Semantic consistency =

where 2" is vertices of the 3D mesh. Following the original paper, 6°™O is set to be the 70th
percentile of average DINO variance.
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Structural Consistency. Comparing with semantic consistency, structural consistency measures
whether the overall structure of the generated asset is coherent and plausible. It uses diffusion-based
novel view synthesis model Stable-Zero123 (Shi et al., 2023) to predict the image at unobserved
viewpoint. Then it applies perceptual metric DreamSim (Fu et al., 2023) for similarity measurement.
This metric can be formulated as

. 1 DreamSim /pred
Structural consistency = max N Z (1 — f ! Ij)) (28)

i i—j0
=1

where Z;_, ; is image predicted from viewpoint ;.

For interested readers, please refer to the original paper of Eval3d (Duggal et al., 2025) for more
details. We choose these metrics because they are especially suitable to localize visual artifacts.

H.3 USER STUDY

To validate that our results are truly preferred by human users, 23 participants are involved to
make judgments over anonymous 30 rendered videos generated by our PSD against MVDream,
DreamDPO and DreamReward. The instructions are:

* Appearance Quality: Evaluate the clarity and visual appeal of the asset as it appears from
any particular viewpoint (ignoring, e.g., inconsistencies in appearance across different
viewpoints). Your assessment should focus on the appearance of the foreground object
and ignore the background of the video.

e 3D Structure Quality: Assess the detail and realism of the shape of the asset across the
multiple viewpoints shown in the video.

e Text Alignment: Determine how accurately each video reflects the content of the text
prompt. Consider whether the key elements of the prompt are represented.

e Overall Preference: State your overall preference between the two videos. This is your
subjective appraisal of which video, in your view, stands out as better based on appearance
quality, 3D structure quality, and text alignment, (i.e., overall quality).

A screen shot of our survey web is shown in Fig. 10.

H.4 ALGORITHM

In this section, we present the algorithm of PSD.
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Text-to-3D Survey
[Englsh /¢ |
You will be presented with pairs of videos that have been generated based on a provided text prompt. For each pair of videos, please indicate your preference based on the following criteria:

+ Appearance Quality: Evaluate the clarty and visual appeal of the asset as it appears from any particular viewpoint (ignoring, e.g, inconsistencies in appearance across different viewpoints). Your
the foregre the back f the video.

wn in the video,
nsider whether the key elements of the prompt are represented.

eference between the two videos. This is your subjective appraisal of which video, in your view, stands out as better based on appearance quality, 3D

e, overall quality)

structure quality, and te

Please note that your evaluations should be independent for each pair of videos, without being influenced by previous comparisons. Your individual responses will remain confidential and will be used
solely for the purpose of this academic research

By submitting your responses, you are agreeing to participate in this study, and you acknowledge that the data collected from your evaluations may be used in our research publication.

e

Question 1 of 30

Prompt: A solid, symmetrical, smooth stone fountain, with water cascading over ts edges into a clear, circular pond surrounded by blooming les in the center of a sunlit courtyard
Choose the video which you prefer according to each of the following criteria

Appearance Quality: O Left/Up ® Right / Down
3D Structure Quality: O Left/Up ® Right / Down

Text Alignment: O Left/Up @ Right / Down

Overall Preference: O Left/Up ® Right / Down

m

Figure 10: Screen shot of our survey web.

Algorithm 1 Preference Score Distillation

1: Input: A prompt y. Negative descriptors y,.4. Pretrained text-to-image diffusion model €.
Reward model r. Learning rate {7, and lry for 3D representation 6 and negative embeddings n,
respectively. Annealing time-schedule ¢(7). Classifier-free guidance weight ~.
initialize a 3D representation 6, a negative embeddings n with negative descriptors yy.cq.
while not converged do

Randomly sample a camera pose c, noise pair €', €2 ~ N/(0,T).

Render the 3D representation € at pose ¢ to get a 2D image z. = gg(c).

Compute diffusion timestep (7).

Add noise €' and €? to x. and get x; and z?

Compute one-step predicted samples (&},#2) and ranking with reward model
(r (y, &) ,7 (v, #3)) to get (z}, ') and their respective added noise (€, €’)
9: Ogen ﬁﬁs(mﬁu’ t)— € 8cs < €5(TL, Y, 1) — €4(TL 1), Sprep < €p(x¥,y, ) —€y(xl, y,t)

cls||2

10: B s o ( (v, @) —r (v, 28)

11: 0« 60— l’l"l -E. |:(6gen + 76cls + BrépTEf ) 8950(6)]
12: ¢ — (;5 —lry -V, E¢ [T(.% 5%0)]

13: end while

14: return

AN A S ol

H.5 DETAILS OF TOY EXPERIMENTS ON IMAGE GENERATION

In the main paper, we set up a toy experiments to directly illustrate the effect of our proposed
preference score guidance. To simulate the configuration in DDIM, we follow (Lukoianov et al.,
2024) to perform a 50-step update of the image parameterized by 6, as presented in Algorithm 2.
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Algorithm 2 2D Image Generation using Score Distillation

1: Input: A prompt y. Pretrained text-to-image diffusion model €4. Learning rate /7. Number of
optimization steps N. Time shift interval [T}, T5]

2: initialize random initial step &7 and parameterize with § ~ N(0,T).

3: while not converged do

4: Compute timestep ¢;,7 = 1, ..., N to update.

5: fori =1tondo

6: Randomly sample noise pair €2 ~ A(0,I), time shift 7 ~ U(T}, T»).
7: Add noise €4 (x,,y, t;) and €? to x;, and get z;, , . and =7 |

8: Compute one-step predicted samples (&3, %3) and ranking with reward model

(r (y,@3),7 (y,#3)) to get (wy, ., @, , ) their respective added noise (€, €’)

9: Ogen < €p(xy  t; +T) — €

10 Octs < €p(x 1y, ti +7) — €g(xf |t +7)
11: Spref < €p(@ly ti +7) — €l Ly, ti +7)
12: By = yiiptel o (r (v, 20) — 7 (v, )

13: 0 0—1r-Ee |(Ggen + 705 + Brpres ) 2552

14: end for

15: end while

16: return

H.6 TEST PROMPTS

For evaluations of single stage distillation of MVDream, we use 200-prompt croup set in Eval3D.
For more complex 2-stage NeRF and 3-stage DMTet pipelines, we filter a harder subset consisting
40 prompts with lowest PickScore of MVDream, which is listed in Tab. 8.

I LIMITATIONS

2D rewards
misalignment

PickScore: 22.1 x Human Preference +/ PickScore: 22.7 &/ Human Preferencex
a plush toy of a corgi nurse

? ﬁ R @ N
4 Y ! & :

a chimpanzee with a big grin cats wearing eyeglasses

Janus Problem

Figure 11: Visual examples of failure cases.

In this appendix, we present failure cases of our proposed PSD. While we successfully overcome the
floating artifacts caused by pixel-level conflicts between reward gradients and diffusion dynamics,
our method still fails to outperform at certain cases. Besides, Janus problem still exists when dis-
tilling Stable Diffusion 2.1. Developing better rewards may become a new solution to this problem.

J SUPPLEMENTARY RESULTS AND COMPARISONS
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J.1 VISUALIZATION OF LEARNED NEGATIVE EMBEDDINGS ON DIFFUSION PRIORS

In this section, we conduct an experiment to visualize the difference of sampling diffusion priors
with or without our learned negative embedding to illustrate the impact of learned negative embed-
dings on diffusion priors. Results are list in Tab. 6 and visualized in Fig. 12. Note that although the
learned negative embeddings we use here is are from the single stage distillation of MVDream, they
are able to transfer to SD 2.1 because they use the same text encoder. This observation is consistent
with ReNeg.

MVDream SD 2.1

W/O learned a badger wearing a party hat and blowing out birthday candles on a cake

embedding M E faz 4  m

Several large, solid, cube-shaped parcels, wrapped in brown paper
and tied with string, each labeled with a different destination,
awaiting dispatch in a post office

A lamp casting shadows on an old a beautiful dress made out of fruit, on
’ amannequin. Studio lighting, high
igh resolution

forgotten map

/ learned e
W/ learne a badger wearing a party hat and blowing out birthday candles on a cake
embedding - TN L, TR

a beautiful dress made out of fruit, on
a mannequin. Studio lighting, high

Several large, solid, cube-shaped parcels, wrapped in brown paper
and tied with string, each labeled with a different destination,

A lamp casting shadows on an old,

> . N forgotten map X . .
awaiting dispatch in a post office quality, high resolution

Figure 12: Visualization of learned negative embeddings on diffusion priors.

MYVDream Stable Diffusion 2.1

Experiments

Pick. T LR.T Pick. LR.
wlon 20.23  -0.31  21.07 0.30
w/n 2031 -0.11  21.12 0.41

Table 6: Impact of learned negative embeddings on diffusion priors. Metrics are evaluated across
our 40-prompt subset on the average over 5 random seeds.

J.2 GEOMETRY COMPARISON

One of our major advantage is to avoid the artifacts introduced by directly guiding the 3D representa-
tion with gradients produced by reward models. In this section, we present the geometry comparison
between DreamReward (Ye et al., 2025) and our proposed PSD using HPSv2.1 as reward model.

Through Tab. 7 and visual examples in Fig. 13 and 14, it’s easy to conclude that our results have
better geometry, which supports our motivation and claims.

Algorithm Geometric Consistency T Semantic Consistency T Structural Consistency 1
DreamReward 70.39 70.74 82.83
Ours 80.97 75.83 84.72

Table 7: Geometry assessment. Higher values are better (1). Better results are in bold.
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DreamReward Ours

RGB

DINO
feature
variance 3
P

A medium-sized, hollow, asymmetrical teapot, crafted to look like a slumbering dragon,
with a scaly, rough texture and smoke gently wafting from its snout-spout

RGB

Sydney opera house, aerial view

Figure 13: Visual examples of semantic consistency. DINO feature variance is clipped with thresh-
old 0.20 (red).

DreamReward Ours

RGB

Depth-Anything
Normal

Analytical
Normal

Angular
Difference

A majestic sailboat

Figure 14: Visual example of geometric consistency. Angular difference is clipped with threshold
23° (red).

J.3 MORE QUALITATIVE COMPARISONS
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Column 1

Column 2

1. A DSLR photo of a plate of fried chicken and
waffles with maple syrup on them

2. A beautiful dress made out of garbage bags,
on a mannequin. Studio lighting, high quality,
high resolution

3. A zoomed out DSLR photo of an astronaut
chopping vegetables in a sunlit kitchen

4. A wide angle zoomed out DSLR photo of
A red dragon dressed in a tuxedo and play-
ing chess. The chess pieces are fashioned after
robots

5. A zoomed out DSLR photo of a pita bread
full of hummus and falafel and vegetables

6. Several large, solid, cube-shaped parcels,
wrapped in brown paper and tied with string,
each labeled with a different destination, await-
ing dispatch in a post office

7. A large, multi-layered, symmetrical wedding
cake, with smooth fondant, delicate piping, and
lifelike sugar flowers in full bloom, displayed
on a silver stand

8. Jellyfish with bioluminescent tentacles
shaped like lightning bolts

9. A Panther De Ville car

10. A beagle in a detective’s outfit
11. A wide angle DSLR photo of a squirrel in
samurai armor wielding a katana

12. A zoomed out DSLR photo of a kangaroo
sitting on a bench playing the accordion

13. A pair of hiking boots caked with mud at
the doorstep of a cabin

14. A zoomed out DSLR photo of cats wearing
eyeglasses

15. A wide angle zoomed out DSLR photo of
zoomed out view of Tower Bridge made out of
gingerbread and candy

16. A beautiful dress made out of fruit, on a
mannequin. Studio lighting, high quality, high
resolution

17. A zoomed out DSLR photo of a bear play-
ing electric bass

18. A lamp casting shadows on an old, forgot-
ten map

19. An erupting volcano, aerial view

20. A tiger karate master

21. A tiger playing the violin

22. A wide angle DSLR photo of a colorful
rooster

23. A lone, ancient tree stands tall in the middle
of a quiet field

24. A squirrel dressed like Henry VIII king of
England

25. A zoomed out DSLR photo of A punk rock
squirrel in a studded leather jacket shouting into
a microphone while standing on a stump and
holding a beer

26. A dragon-cat hybrid

27. A large, hollow, asymmetrically shaped am-
phitheater, with jagged stone seating, nestled in
a natural landscape, a classical play being per-
formed as the sun sets

28. A compact, cylindrical, vintage pepper
mill, with a polished, ornate brass body, slightly
worn from use, placed beside a porcelain plate
on a checkered tablecloth

29. A zoomed out DSLR photo of a badger
wearing a party hat and blowing out birthday
candles on a cake

30. A mug filled with steaming coffee

31. A zoomed out DSLR photo of a pair of
floating chopsticks picking up noodles out of a
bowl of ramen

32. A wide angle zoomed out DSLR photo of a
skiing penguin wearing a puffy jacket

33. A zoomed out DSLR photo of a fox work-
ing on a jigsaw puzzle

34. A zoomed out DSLR photo of a beagle eat-
ing a donut

35. A red panda

36. A zoomed out DSLR photo of a kingfisher
bird

37. Clownfish peeking out from sea anemone
tendrils

38. A zoomed out DSLR photo of a rainforest
bird mating ritual dance

39. A chimpanzee with a big grin

40. A group of vibrant, chattering parrots
perched together

Table 8: 40 prompts for evaluation in 2-stage NeRF and 3-stage DM Tet.
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DreamDPO MVDream

DreamReward

Ours (HPSV2.1)

DreamDPO MVDream

DreamReward

Ours (HPSV2.1)

DreamDPO MVDream

DreamReward

Ours (HPSV2.1)

Figure 15: More results of single-stage distillation of MVDream
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MVDream

DreamDPO

Ours (Reward3D) Ours (HPSV2.1) DreamReward

MVDream

DreamDPO

Ours (Reward3D) Ours (HPSV2.1) DreamReward

a wide angle zoomed out DSLR photo of A red dragon dressed in a tuxedo and
playing chess. The chess pieces are fashioned after robots

A stone bridge arching over a babbling brook, encrusted with moss and
echoing with stories

Figure 16: More results of single-stage distillation of MVDream
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A lone, ancient tree stands tall in the middle of a quiet field

Figure 17: More results of 2-stage NeRF generation.
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RichDreamer CFD ours RichDreamer CFD

Ours

a tiger karate master

Figure 18: More results of 3-stage DMTet generation.
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DreamDPO

RichDreamer

Ours

CFD

DreamDPO

RichDreamer

Ours

deveral large, souid, cube-shaped parcels, wrapped in
brown paper and tied with string, each labeled with a
different destination, awaiting dispatch in a post office

Figure 19: Extended comparison of 2-stage NeRF generation.
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