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ABSTRACT

Direct Preference Optimization (DPO) has shown promising results in aligning
generative outputs with human preferences by distinguishing between chosen and
rejected samples. However, a critical limitation of DPO is likelihood displace-
ment, where the probabilities of chosen samples paradoxically decrease during
training, undermining the quality of generation. Although this issue has been
investigated in autoregressive models, its impact within diffusion-based models
remains largely unexplored. This gap leads to suboptimal performance in tasks
involving video generation. To address this, we conduct a formal analysis of
DPO loss through updating policy within the diffusion framework, which de-
scribes how the updating of specific training samples influences the model’s pre-
dictions on other samples. Using this tool, we identify two main failure modes:
(1) Optimization Conflict, which arises from small reward margins between cho-
sen and rejected samples, and (2) Suboptimal Maximization, caused by large re-
ward margins. Informed by these insights, we introduce a novel solution named
Policy-Guided DPO (PG-DPO), combining Adaptive Rejection Scaling (ARS)
and Implicit Preference Regularization (IPR) to effectively mitigate likelihood
displacement. Experiments show that PG-DPO outperforms existing methods in
both quantitative metrics and qualitative evaluations, offering a robust solution for
improving preference alignment in video generation tasks.

1 INTRODUCTION

Generative diffusion models (Wan et al. (2025); Tan et al. (2025); Gao et al. (2025); Kong et al.
(2024)) have made remarkable progress in video generation. However, aligning these models with
human preferences for visual quality and text-to-video fidelity remains a significant challenge, limit-
ing their practical applicability. Although generative models have benefited from model-based align-
ment methods such as RLHF (Ouyang et al. (2022); Xu et al. (2023)) and GRPO (Shao et al. (2024);
Xue et al. (2025); Liu et al. (2025a)), their application to video generation is severely hampered
due to the reliance on explicit pre-trained reward models. The high dimensionality and temporal
complexity of video make the development of a comprehensive reward model exceptionally diffi-
cult. Therefore, the scarcity of effective reward models (Pu et al. (2024)), combined with extreme
computational demands (Li et al. (2025)), makes the exploration of efficient, model-free alignment
techniques not only beneficial but critical for advancing video generation.

To address these challenges, Direct Preference Optimization (DPO, Rafailov et al. (2024)) emerges
as a compelling alternative, learning preferences directly from paired data without an explicit reward
model. By reframing alignment as a direct policy optimization problem, DPO bypasses the costly
reward modeling stage and has yielded promising results in diverse domains (Pal et al. (2024); Yang
et al. (2024a); Black et al. (2024); Wallace et al. (2023)). However, a critical challenge in applying
DPO is likelihood displacement (Pal et al. (2024); Razin et al. (2025); Tajwar et al. (2024)), where
the probabilities of chosen samples paradoxically decrease during training, leading to a degradation
of the overall quality and diversity of generation. As illustrated in Fig. 2a, this issue is readily
observed in the training of existing methods like VideoDPO Liu et al. (2024). Although previous
works have explored solutions for likelihood displacement in autoregressive language models (Razin
et al. (2025); Yang et al. (2025); Ren & Sutherland (2025)), these approaches lack a formal analysis
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of the underlying mechanism in diffusion models, let alone a solution tailored to high-dimensional
data such as video.

This paper fills this gap by conducting a formal analysis of DPO’s updating dynamics within dif-
fusion framework. We decompose the change in the model’s prediction into three distinct terms
that contribute differently to the model’s overall behavior. This framework is general and can be
adapted to various fine-tuning algorithms, including supervised finetuning (SFT, Wei et al. (2022)),
DPO and other modern preference optimization methods (Zhao et al. (2022); Pal et al. (2024); Azar
et al. (2023), shown in Appendix A.3.2). Our analysis pinpoints two primary scenarios that cause
likelihood displacement: (1) Optimization Conflict with Small Reward Margins: When the reward
margin is extremely small, our analysis reveals that for such pairs, the updating policy between cho-
sen and rejected samples are nearly the same, leading to an optimization conflict that suppresses the
likelihood of both samples rather than effectively separating them; (2) Suboptimal Maximization
with Large Reward Margins: When the reward margin is already large, the strength of updating
policy tends to vanish, preventing the model from further increasing the probability of high-quality
chosen samples. We argue that this stagnation is itself a form of likelihood displacement, as the
model fails to progressively allocate more probability mass to superior samples.

These insights motivate the development of a novel solution: Policy-Guided DPO (PG-DPO), an
algorithm designed to resolve both failure modes of likelihood displacement within the diffusion
framework. PG-DPO comprises two key components: (1) Adaptive Rejection Scaling (ARS): To
resolve the optimization conflict, ARS introduces an adaptive weight α ∈ [0, 1) to the reward of
the rejected sample in the Bradley-Terry model(BT, Sun et al. (2025)). This dampens the “push”
signal from rejected samples, breaking the harmful optimization similarity. As a result, the “pull”
signal from chosen samples dominates the update, ensuring a net possibility increase instead of joint
suppression. (2) Implicit Preference Regularization (IPR): To overcome suboptimal maximization,
IPR introduces a regularization term focused solely on the chosen sample. This regularizer ensures
that a consistent “pull” signal is always present, encouraging the model to continuously enhance the
likelihood of chosen samples, even when their reward margin is already substantial.

In summary, our main contributions are as follows:

1. We present the first formal analysis of DPO’s updating policy in diffusion models, attribut-
ing the likelihood displacement problem to two fundamental failure modes: optimization
conflict and suboptimal maximization.

2. This framework not only offers a unified perspective for various fine-tuning methods, but
also inspires a novel algorithm, PG-DPO, which synergizes ARS and IPR to specifically
counteract these two failure modes.

3. Experiments show that PG-DPO not only mitigates likelihood displacement but also
achieves state-of-the-art performance in preference alignment for video generation, con-
firmed by both quantitative metrics and qualitative evaluations.

2 RELATED WORK

Video Diffusion Models Video generation aims to produce visually coherent videos that align
with user intent, with applications ranging from story animation He et al. (2023), interactive game
development (Che et al. (2024)), to embodied artificial intelligence (Chen et al. (2024b)). Initial
models, such as VDM (Ho et al. (2022b)), adapted 2D U-Net architectures for spatio-temporal
modeling but were limited by high computational costs and low resolution. Consequently, the field
has largely shifted to Transformer-based architectures, often by extending powerful text-to-image
backbones with temporal attention mechanisms (Zheng et al. (2024); Peng et al. (2025); Yang et al.
(2024b)). Models based on the Diffusion Transformer (DiT) architecture now represent the state-
of-the-art (Wan et al. (2025); Kong et al. (2024); Gao et al. (2025)), achieving significant gains in
generation quality and consistency (Chen et al.; Esser et al. (2023); Ruan et al. (2023)). Despite this
progress, aligning these powerful models with nuanced human preferences remains a key unresolved
challenge (Wu et al. (2021); Ho et al. (2022a)).

Aligning Generative Models with Human Preferences Aligning generative models with human
preferences originated in the development of Large Language Models (LLMs). The seminal ap-
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proach, Reinforcement Learning from Human Feedback (RLHF, Ouyang et al. (2022)), utilizes a
two-stage process: training an explicit reward model and then optimizing the policy using reinforce-
ment learning. Later, Direct Preference Optimization (DPO, Rafailov et al. (2024)) greatly sim-
plified this pipeline by reframing alignment as a direct supervised learning problem on preference
pairs. This formulation avoids both explicit reward modeling and the instabilities of RL training.
DPO’s simplicity and effectiveness have since spurred a family of related methods in natural lan-
guage processing aimed at improving feedback efficiency and scalability (Lai et al. (2024); Meng
et al. (2024); Swamy et al. (2024); Zhao et al. (2022); Yuan et al. (2023)).

Aligning Diffusion Models with Human Preferences These alignment principles have been
adapted to diffusion models to enhance aesthetic quality and text faithfulness. Existing approaches
fall into three main paradigms. The first directly adapts DPO-style objectives; for instance,
Diffusion-DPO (Wallace et al. (2023)) formulates a DPO loss using the Evidence Lower Bound
(ELBO) as a log-likelihood proxy. The second uses policy gradients akin to classic RLHF, as seen
in DDPO (Black et al. (2024)) and DPOK (Fan et al. (2023)), but often inherits its training insta-
bility. The third and most common paradigm relies on an explicit reward model, either through di-
rect gradient backpropagation (e.g., DRaFT Clark et al. (2024), VADER Prabhudesai et al. (2024))
or more advanced optimization schemes (e.g., FlowGRPO Liu et al. (2025a), DanceGRPO Xue
et al. (2025)). Notably, a fourth, emerging paradigm is unsupervised alignment, exemplified by
SPIN-Diffusion (Yuan et al. (2024)), which uses a self-play mechanism to generate preference data,
thereby reducing the dependency on human annotation.

3 PG-DPO: DISCOVERY, FORMULATION AND ANALYSIS

3.1 PRELIMINARY

Diffusion Model. Stable Diffusion (SD, Rombach et al. (2022)) is a latent diffusion model that
maps a random noise vector zt and a text prompt P to an output video I0, aligning with the given
conditioning prompt via cross-attention. The objective of this process is defined as:

minθ Ez0,ϵ∼N(0,I),t∼Uniform(1,T )∥ϵ− ϵθ(zt, t, ctext, cimg)∥22, (1)

where cimg denotes the reference image, ctext denotes the text condition, t ∈ [0, T ] denotes the time
step in the diffusion process. ϵ and ϵθ represent the actual and predicted noise, respectively. The
noise is gradually removed by sequentially predicting it using pre-trained diffusion model.

Reinforcement learning from human feedback (RLHF). RLHF (Ouyang et al. (2022)) trains the
model by maximizing the reward of the output of the model, while regularizing the KL-divergence
between it and reference model. Specifically, RLHF trains a reward function r(c, x) that estimates
the human preference on the generated sample x conditioned on c. Assume pθ denotes the optimiz-
ing model, pref denotes the reference model and the hyperparameter β controls the strength of KL
regularization. The objective of RLHF is calculated as:

maxθ Ec,x[r(c, x)]− β DKL[pθ(x|c)∥pref(x|c)]. (2)

Direct preference optimization (DPO). Direct preference optimization (Rafailov et al. (2024))
simplifies RLHF by training the model directly from human preferences. The objective of DPO
Ldpo is defined as below:

−minθ

[
log σ

(
βT log

(
pθ(x

w
t−1|xw

t , c)

pref (xw
t−1|xw

t , c)

)
− βT log

(
pθ(x

l
t−1|xl

t, c)

pref (xl
t−1|xl

t, c)

))]
, (3)

where xw
t and xl

t denote the “chosen” and “rejected” samples generated from the condition c in time
step t, σ(·) denotes the sigmoid function.

3.2 UPDATING POLICY OF FINETUNE ALGORITHM

Updating policy refers to how changes in specific samples influence the model’s output. When the
model updates its parameters using gradient descent (GD), there are:

∆θ = θτ+1 − θτ = −η · ∇LDPO(x
w, xl), (4)
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where the update of θ during step τ → τ + 1 is given by one gradient update on the sample pair
(xw, xl) with learning rate η. The updating policy in this paper answers the question: After one GD
on (xw, xl), how does the model’s prediction on any x0 change?

The origin updating policy might be the “stiffness” (Fort et al. (2020)) or “local elasticity” (He
& Su (2020); Deng et al. (2021)) of neural networks. See Appendix A.3.2 for more discussion.
Given that updating policies have been successfully applied to many deep learning systems, yielding
remarkable benefits, we extend this framework to diffusion models. The updating policy in timestep
t of Eq. 4 become:

∆ log pθτ+1(xo
t−1|xo

t ) = log pθτ+1(xo
t−1|xo

t )− log pθτ (xo
t−1|xo

t ). (5)

To ensure the generality of our analysis, we investigate the updating policy of diffusion models
under the Markov assumption. The generalizability of this analysis under other models (Esser et al.
(2024); Song et al. (2021)) will be discussed in Appendix A.3.2.

Let pθ(xt−1|xt) ∼ N
(
µθ(xt), σ

2
t I
)
, the one-step updating policy can be decomposed as:

∆ log pθτ+1(xo
t−1|xo

t ) ∝ ηTβ(1− a)Gθ(x
o
t ) · (Kθ(x

o
t , x

w
t )GT

θ (x
w
t )−

Kθ(x
o
t , x

l
t)GT

θ (x
l
t)) +O(η2∥∇LDPO∥2).

(6)

where Gθ(x
o
t ) = Σ−1(xo

t −µθ(x
o
t )), Kθ(x

o
t , x

w
t ) = ⟨∇θµ(x

o
t ),∇θµ(x

w
t )⟩, Kθ(x

o
t , x

w
t ) is the empir-

ical neural tangent kernel of the logit network µθ, and more details can be seen in Appendix A.3.2.

(a) (b)

Figure 1: Empirical Validation of DPO’s Failure Modes. (a) Suboptimal Maximization: The
gradient norm of DPO vanishes for large reward margins, stifling further optimization of chosen
samples as the learning signal for “easy” pairs disappears. (b) Optimization Conflict: A strong
positive correlation between reward margin and similarity factor (defined as ∆ log pθτ+1(xw

t−1|xw
t )−

∆ log pθτ+1(xl
t−1|xl

t)). Here, a low factor leads to nearly identical updates for chosen and rejected
samples, causing their optimization signals to interfere.

Next, we analyze the likelihood displacement based on updating policy during DPO training, where
the probability of chosen responses can paradoxically decrease. We define the core term within the
sigmoid function of DPO loss as the reward margin (detailed definition shown in Eq. 30). Our
analysis reveals that the likelihood displacement problem stems from two critical failure modes,
occurring at opposite ends of the reward margin.

Suboptimal Maximization with Large Margins: This failure mode arises when the model effec-
tively distinguishes a preference pair (xw, xl), resulting in a large reward margin. As empirically
validated in Fig. 1a, the DPO gradient norm plummets towards zero precisely as the reward margin
grows. According to Eq. 29, the larger margin leads to a larger a, causing update magnitude to
vanish. This vanishing gradient indicates that the learning signal for these “easy” pairs disappears,
disincentivizing the model from further increasing the probability of even exemplary chosen sam-
ples. Consequently, the learning process stagnates prematurely, leading to a suboptimal policy that
fails to fully capitalize on strong preference signals.
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Optimization Conflict with Small Margins: Conversely, a more critical failure mode emerges at
small reward margins, where the model struggles to differentiate the pair. DPO is designed to apply
its maximum corrective force in this regime. However, herein lies a conflict rooted in the inherent
dynamics of diffusion models. Fig. 1b reveals this conflict by showing a strong positive correlation
between the reward margin and an update similarity factor. At small margins, this factor is also
minimal, implying that the updates for the chosen (xw) and rejected (xl) samples become nearly
identical. This means that precisely when DPO tries hardest to enforce separation, the model’s
update mechanism treats both samples almost interchangeably. The aggressive update intended
to suppress the rejected sample’s probability inadvertently “spills over” and penalizes the similar
chosen sample. This struggle creates a direct optimization conflict, causing likelihood displacement
for the chosen response and degrading model quality.

Crucially, this analysis of failure modes is agnostic to the origins of xw and xl. This makes our
framework broadly applicable to other DPO-style algorithms (Azar et al. (2023); Zhao et al. (2022)),
whose primary distinction lies in how they formulate the reward margin. More details on this exten-
sion are provided in Appendix A.3.2.

3.3 PG-DPO

Motivated by our analysis of the DPO update policy, we introduce PG-DPO, a novel alignment
algorithm. PG-DPO integrates two key components: Adaptive Rejection Scaling (ARS) and Implicit
Preference Regularization (IPR), allowing for more stable and effective preference alignment.

Adaptive Rejection Scaling (ARS) ARS is designed specifically to resolve the optimization con-
flict inherent in DPO. The core idea is to dynamically adjust the penalty applied to the rejected
sample (xl) based on the reward margin. A smaller margin, indicating a difficult-to-distinguish pair,
should receive a gentler penalty to avoid penalizing the chosen sample (xw) as well. To implement
this, we introduce an adaptive weight, α(xw, xl), which modulates the repulsive gradient from the
rejected sample:

α(xw
t , x

l
t) = σ

[
K1 ·

rwt − rlt
rlt + ϵ

]
, (7)

where rt represents the implicit reward log(pθ/pref ), K1 is a scaling hyperparameter, ϵ is a small
constant for numerical stability. The sigmoid function σ(·) normalizes the weight to prevent high
variance and ensure stable training.

The mechanism of ARS directly addresses the aforementioned conflict. As previously established,
this conflict is most severe for low-margin pairs, where DPO’s maximal gradient objective causes
the suppressive gradient from xl to inadvertently “leak” and penalize the similar chosen sample
xw. ARS resolves this via its adaptive weight α: when the reward margin becomes very small,
the numerator in Eq. 7 approaches zero, which effectively down-weighting the rejected sample’s
contribution. Rather than aggressively separating a nearly indistinguishable pair, the optimization
pressure from xl is automatically moderated. This reduction prevents the strong negative update
from suppressing the probability of xw. In essence, ARS gracefully shifts the optimization focus
for low-margin pairs. It moves away from punishing the rejected sample and instead prioritizes
reinforcing the chosen one. By acting as a dynamic safeguard, ARS ensures that the model does not
paradoxically degrade good samples when faced with ambiguous preference data, thereby robustly
preventing likelihood displacement.

Implicit Reference Regularization (IPR) IPR addresses the issue of Suboptimal Maximization.
This problem occurs when DPO’s learning stagnates for high-margin pairs as the optimization gra-
dient vanishes. IPR is designed to ensure continuous improvement for chosen samples (xw) even in
these well-separated cases. To achieve this, we introduce γ(xw

t , x
l
t), which is designed to activate

for large margins. The weight is calculated as follows, where K2 is a scaling hyperparameter:

γ(xw
t , x

l
t) = σ

[
−K2 ·

(
rwt − rlt
rlt + ϵ

)]
. (8)

IPR’s mechanism creates a smooth transition between two optimization objectives. As the reward
margin (rwt − rlt) grows large, the input to the sigmoid function in Eq. 8 becomes a large negative
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number, causing γ to approach 0. This process smoothly deactivates the standard DPO margin-
maximization objective and simultaneously activates a secondary objective focused solely on the
chosen sample.

Crucially, this secondary objective is not a naive SFT loss, but rather maximizes the implicit reward
rwt = log (pθ(x

w
t |c)/pref(x

w
t |c)). This “reference-regularized” formulation encourages the model

to increase the likelihood of exemplary samples while remaining anchored to the reference model.
Therefore, IPR ensures continued improvement without sacrificing model stability.

Full Objective: By integrating ARS and IPR, we arrive at the final objective of PG-DPO:

Lours =−min

[
γ(xw

t , x
l
t) log σ

(
βT log

(
pθ(x

w
t−1|xw

t , c)

pref(xw
t−1|xw

t , c)

)

− α(xw
t , x

l
t)βT log

(
pθ(x

l
t−1|xl

t, c)

pref(xl
t−1|xl

t, c)

))
+ (1− γ(xw

t , x
l
t)) log

(
pθ(x

w
t−1|xw

t , c)

pref(xw
t−1|xw

t , c)

)]
.

(9)

This composite objective provides a comprehensive solution to DPO’s failure modes. For any pref-
erence pair (xw, xl), the training dynamic is governed by the reward margin:

• Small Margin: When the margin is small, γ is close to 1 and α become smaller than 1.
The loss is dominated by the ARS-modified DPO objective, which softens the penalty on
xl. This prevents the Optimization Conflict problem.

• Large Margin: When the margin is large, γ approaches 0. The loss smoothly transitions
to the IPR objective (maximizing rθ(x

w)). This provides a direct and persistent signal
to improve the probability of chosen sample, overcoming the Suboptimal Maximization
problem.

In essence, our method acts as an intelligent controller for the optimization process. It applies a
softened DPO objective for ambiguous pairs and switches to a regularized reinforcement objective
for clearly decided pairs. This dual mechanism ensures robust and continuous learning across the
entire spectrum of preference data, directly resolving the core failure modes of DPO.

(a) VideoDPO (b) Our method

Figure 2: Predicted probabilities for chosen and rejected samples across training steps. (a)
VideoDPO suffers from likelihood displacement. (b) Our PG-DPO maintains a consistent upward
trend for chosen samples, demonstrating its ability to resolve the problem.

Analysis We analyze the effects of PG-DPO based on the probability of chosen samples
log pθ(x

w
t−1|c), where c denotes the input conditions of diffusion model. This reflects the model’s

ability to align with human preference by raising the generated probability of chosen samples. We
define the target function as follows:

Γ(θ, τ + 1) =log pOurs
θτ+1(x

w
t |c)− log pVideoDPO

θτ+1 (xw
t |c)

=− η∇θτ log pθτ (xw
t |c) · (∇T

θτLours −∇T
θτLVideoDPO).

(10)

To empirically validate PG-DPO, we analyzed its ability to consistently enhance the probabilities
of chosen samples. We track the per-step log-likelihood advantage, denoted by Γ(θ, τ + 1), which
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measures the additional increase in probability for chosen samples compared to the VideoDPO (sup-
ported by Appendix A.4). Crucially, our experiments show this advantage is positive in the majority
of training steps: 81.7% for the Wanx2.1-14B model Wan et al. (2025) and 76.9% for VideoCrafter-
v2 Chen et al. (2024a). This provides strong quantitative evidence that PG-DPO effectively mitigates
likelihood displacement by robustly and consistently boosting the probabilities of desired responses.

As illustrated in Fig. 2, which tracks sample probabilities on VC2 model during training, we further
present the effectiveness of our method. VideoDPO Liu et al. (2024) exhibits the likelihood dis-
placement, where the probabilities of both chosen and rejected samples degrade over time. In stark
contrast, our approach not only achieves a stable increase in the reward margin but also ensures the
chosen sample’s probability grows consistently, demonstrating a healthier alignment process (more
details can be seen in Appendix A.5.2).

4 EXPERIMENTS

4.1 SETUP

Baseline. We compare our method with several open-source models for video generation:
VideoCrafter-v2 (VC2, Chen et al. (2024a)) for text-to-video generation and Wanx2.1-14B
(Wanx2.1, Wan et al. (2025)) for image-to-video generation. These models are utilized as baselines
in our alignment experiments. We compare our method with baseline model, VideoDPO (Liu et al.
(2024)) and SFT (Wei et al. (2022)) results, the traditional finetuning methods and the model-free
reinforcement method within video generation.

Metric. To evaluate our method and the baselines, we adopt six metrics (CLIP-score Hessel et al.
(2022), HPS-v2 Wu et al. (2023), VideoAlign Liu et al. (2025b), Temporal flickering Teed & Deng
(2020), Aesthetic Quality LAION-AI. (2022), VQA scores Wu et al. (2022) and a user study),
covering both non-human and human preference metrics (details can be seen in Appendix A.5.1).

Training Details. We train all the models for 3000 steps with batch size 16, using the Adam
optimizer with a learning rate of 1 × 10−6. The reweighted hyperparameters are set to K1 =
10,K2 = 10 and β = 100 (supported by Appendix A.5.3). For each prompt, the number of
generated videos is set to 4. The highest- and lowest-scoring videos, as determined by the overall
score of VideoAlign, are respectively labeled as the chosen and rejected samples. This procedure
results in 3000 training video pairs. All experiments are conducted on 32 NVIDIA H20 GPUs.

4.2 MAIN RESULTS

Quantitative Comparison. We present our quantitative results in Tab. 1, evaluating two state-
of-the-art open-source video models: the UNet-based model (VC2) and the DiT-based model
(Wanx2.1). After training with our method, both models demonstrate marked performance improve-
ments, showing consistent gains across all evaluated metrics. Compared to Supervised Fine-Tuning
(SFT), which utilizes only chosen samples within the dataset, our method yields superior results in
both semantic and visual quality. This highlights the effectiveness of PG-DPO, particularly in im-
proving model performance with limited data. Furthermore, models trained with VideoDPO show
erratic performance, sometimes even regressing below the baseline model. This underscores the
robustness and reliability of our optimization strategy. In summary, the consistent enhancements
across both UNet-based and DiT-based architectures affirm the broad applicability and generaliz-
ability of our proposed method within video generation tasks.

Qualitative Comparison. Fig. 3 and Fig. 4 present qualitative comparisons, showcasing our
method’s consistent improvements in both visual fidelity and prompt alignment. For instance, our
method enables Wanx2.1-14B to generate a more coherent spatial layout between the food and chop-
sticks (Fig. 4). Similarly, when applied to VC2, it produces a more realistic and visually appealing
subject. In terms of text-video alignment, our method strikes a superior balance between adhering
to textual constraints, such as the “hold a balloon” prompt (Fig. 3), and maintaining overall visual
quality. Across all examples, our method yields generations superior to competing approaches and
more results are shown in the Appendix A.6.
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Figure 3: Comparison results with previous works on the VideoCrafter (VC2).

Figure 4: Comparison results with previous works on the Wanx2.1.

Table 1: Quantitative comparisons with previous works on Wanx2.1 and VideoCrafter2 (VC2).

Model Method clip↑ HPS↑ VideoAlign Temporal
flickering↑

Aesthetic
Quality↑ VQA↑

VQ↑ MQ↑ TA↑

Wanx2.1

baseline 0.2898 0.2378 0.1601 0.8280 0.4592 0.9745 0.6729 0.8681
SFT 0.2998 0.2314 0.2603 0.8769 0.5518 0.9827 0.6610 0.8668
VideoDPO 0.2952 0.2333 0.2124 0.8551 0.4826 0.9810 0.6829 0.8709
Ours 0.3156 0.2551 0.2937 1.0231 0.6265 0.9919 0.6985 0.8869

VC2

baseline 0.2576 0.2057 -0.1723 0.5027 0.1379 0.9935 0.5469 0.7717
SFT 0.2815 0.2143 -0.8116 0.0966 0.4462 0.9919 0.5301 0.7444
VideoDPO 0.2631 0.2334 -0.0345 0.7034 0.1555 0.9990 0.5511 0.7842
Ours 0.2947 0.2494 -0.0012 0.9949 0.5239 0.9997 0.5722 0.8009

4.3 ABLATION ANALYSIS

To isolate the contributions of each component within PG-DPO, we evaluate the performance of
PG-DPO against several variants: (1) VideoDPO (denoted as baseline); (2) PG-DPO with IPR; and
(3) PG-DPO with ARS. The results are summarized in Tab. 2.

Table 2: Ablation study on the Wanx2.1 and VideoCrafter2 (VC2) models. We compare the PG-
DPO (Ours) against the baseline (VideoDPO) and two variants adding only ARS or IPR.

Model Method clip↑ HPS↑ VideoAlign Temporal
flickering↑

Aesthetic
Quality↑ VQA↑

VQ↑ MQ↑ TA↑

Wanx2.1

baseline 0.2952 0.2333 0.2124 0.8551 0.4826 0.9810 0.6829 0.8709
+ARS 0.2997 0.2427 0.2237 1.0195 0.4969 0.9844 0.6839 0.8745
+IPR 0.3078 0.2376 0.2747 0.8770 0.6183 0.9818 0.6846 0.8850
Ours 0.3156 0.2551 0.2937 1.0231 0.6265 0.9919 0.6985 0.8869

VC2

baseline 0.2576 0.2057 -0.1723 0.5027 0.1379 0.9935 0.5469 0.7717
+ARS 0.2714 0.2465 -0.1573 0.7986 0.3392 0.9988 0.5568 0.7894
+IPR 0.2796 0.2213 -0.1685 0.5972 0.3040 0.9965 0.5643 0.7939
Ours 0.2947 0.2494 -0.0012 0.9949 0.5239 0.9997 0.5722 0.8009
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Figure 5: Ablation results on the Wanx2.1.

Figure 6: Ablation results on the VideoCrafter (VC2).

Effect of ARS. We validate the effectiveness of our ARS module by comparing results with and
without it. As illustrated in Fig. 5, ARS mitigates the generation degradation that can be caused
by the likelihood-shift effect in VideoDPO. Furthermore, as shown in the first and second cases
in Fig. 6, ARS enhances the model’s text-video alignment, enabling it to correctly generate video
content for prompts like “a woman in a green dress” and “a person standing in front.” Quantitative
evaluations in Tab. 2 confirm these benefits, showing that our method with ARS outperforms the
baseline on all metrics, with particularly significant enhancements in MQ and temporal flickering.

Effect of IPR. We demonstrate the critical role of IPR by comparing results with and without
this module. As shown in our qualitative and quantitative results (Fig. 5, Fig. 6 and Tab. 2), IPR
yields substantial improvements over the baseline. For instance, the third case in Fig. 6 shows
that with IPR, the generated video more accurately depicts the description “wipe tears with one
hand”. Videos generated with IPR also exhibit superior visual quality, which is corroborated by the
significant improvements in metrics such as VQ, Aesthetic Quality, and VQA.

5 CONCLUSION

In this paper, we conduct a formal analysis of the updating policy for fine-tuning diffusion mod-
els, which is a theoretical framework that is broadly applicable for understanding the behavior of
various alignment algorithms. Through this lens, we identified two root causes of likelihood dis-
placement, the phenomenon responsible for DPO’s critical challenges: optimization conflicts on
low-margin data and suboptimal maximization on high-margin data. These insights directly moti-
vated the design of our novel algorithm, PG-DPO. By integrating Adaptive Rejection Scaling (ARS)
to resolve optimization conflicts and Implicit Preference Regularization (IPR) to ensure continuous
improvement on high-quality samples, PG-DPO systematically addresses both failure modes. Our
empirical results on both U-Net and DiT-based video generation models demonstrate that PG-DPO
achieves consistent and significant improvements over existing fine-tuning methods in both quanti-
tative metrics and qualitative evaluations. In conclusion, the analysis of the updating policy offers
a unified framework for interpreting and diagnosing issues within diffusion model fine-tuning. The
resulting algorithm, PG-DPO, not only validates this theoretical foundation but also provides a ro-
bust and generalizable solution for aligning diffusion-based video generation models with human
preferences.
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Valko, and Rémi Munos. A general theoretical paradigm to understand learning from human
preferences, 2023. URL https://arxiv.org/abs/2310.12036.

Kevin Black, Michael Janner, Yilun Du, Ilya Kostrikov, and Sergey Levine. Training diffusion
models with reinforcement learning, 2024. URL https://arxiv.org/abs/2305.13301.

Haoxuan Che, Xuanhua He, Quande Liu, Cheng Jin, and Hao Chen. Gamegen-x: Interactive open-
world game video generation, 2024. URL https://arxiv.org/abs/2411.00769.

Haoxin Chen, Yong Zhang, Xiaodong Cun, Menghan Xia, Xintao Wang, Chao Weng, and Ying
Shan. Videocrafter2: Overcoming data limitations for high-quality video diffusion models, 2024a.

Xiaoyu Chen, Junliang Guo, Tianyu He, Chuheng Zhang, Pushi Zhang, Derek Cathera Yang,
Li Zhao, and Jiang Bian. Igor: Image-goal representations are the atomic control units for foun-
dation models in embodied ai, 2024b. URL https://arxiv.org/abs/2411.00785.

Xinyuan Chen, Yaohui Wang, Lingjun Zhang, Shaobin Zhuang, Xin Ma, Jiashuo Yu, Yali Wang,
Dahua Lin, Yu Qiao, and Ziwei Liu. Seine: Short-to-long video diffusion model for generative
transition and prediction.

Kevin Clark, Paul Vicol, Kevin Swersky, and David J Fleet. Directly fine-tuning diffusion models
on differentiable rewards, 2024. URL https://arxiv.org/abs/2309.17400.

Zhun Deng, Hangfeng He, and Weijie J. Su. Toward better generalization bounds with locally elastic
stability, 2021. URL https://arxiv.org/abs/2010.13988.

Patrick Esser, Johnathan Chiu, Parmida Atighehchian, Jonathan Granskog, and Anastasis Ger-
manidis. Structure and content-guided video synthesis with diffusion models, 2023. URL
https://arxiv.org/abs/2302.03011.

Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim Entezari, Jonas Müller, Harry Saini, Yam
Levi, Dominik Lorenz, Axel Sauer, Frederic Boesel, Dustin Podell, Tim Dockhorn, Zion En-
glish, Kyle Lacey, Alex Goodwin, Yannik Marek, and Robin Rombach. Scaling rectified flow
transformers for high-resolution image synthesis, 2024. URL https://arxiv.org/abs/
2403.03206.

Ying Fan, Olivia Watkins, Yuqing Du, Hao Liu, Moonkyung Ryu, Craig Boutilier, Pieter Abbeel,
Mohammad Ghavamzadeh, Kangwook Lee, and Kimin Lee. Dpok: Reinforcement learning for
fine-tuning text-to-image diffusion models, 2023. URL https://arxiv.org/abs/2305.
16381.

Duanyu Feng, Bowen Qin, Chen Huang, Zheng Zhang, and Wenqiang Lei. Towards analyzing and
understanding the limitations of dpo: A theoretical perspective, 2024. URL https://arxiv.
org/abs/2404.04626.

Stanislav Fort, Paweł Krzysztof Nowak, Stanislaw Jastrzebski, and Srini Narayanan. Stiffness: A
new perspective on generalization in neural networks, 2020. URL https://arxiv.org/
abs/1901.09491.

Yu Gao, Haoyuan Guo, Tuyen Hoang, Weilin Huang, Lu Jiang, Fangyuan Kong, Huixia Li, Jiashi
Li, Liang Li, Xiaojie Li, Xunsong Li, Yifu Li, Shanchuan Lin, Zhijie Lin, Jiawei Liu, Shu Liu,
Xiaonan Nie, Zhiwu Qing, Yuxi Ren, Li Sun, Zhi Tian, Rui Wang, Sen Wang, Guoqiang Wei,
Guohong Wu, Jie Wu, Ruiqi Xia, Fei Xiao, Xuefeng Xiao, Jiangqiao Yan, Ceyuan Yang, Jianchao

10

https://proceedings.neurips.cc/paper_files/paper/2019/file/dbc4d84bfcfe2284ba11beffb853a8c4-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/dbc4d84bfcfe2284ba11beffb853a8c4-Paper.pdf
https://arxiv.org/abs/2310.12036
https://arxiv.org/abs/2305.13301
https://arxiv.org/abs/2411.00769
https://arxiv.org/abs/2411.00785
https://arxiv.org/abs/2309.17400
https://arxiv.org/abs/2010.13988
https://arxiv.org/abs/2302.03011
https://arxiv.org/abs/2403.03206
https://arxiv.org/abs/2403.03206
https://arxiv.org/abs/2305.16381
https://arxiv.org/abs/2305.16381
https://arxiv.org/abs/2404.04626
https://arxiv.org/abs/2404.04626
https://arxiv.org/abs/1901.09491
https://arxiv.org/abs/1901.09491


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Yang, Runkai Yang, Tao Yang, Yihang Yang, Zilyu Ye, Xuejiao Zeng, Yan Zeng, Heng Zhang,
Yang Zhao, Xiaozheng Zheng, Peihao Zhu, Jiaxin Zou, and Feilong Zuo. Seedance 1.0: Exploring
the boundaries of video generation models, 2025. URL https://arxiv.org/abs/2506.
09113.

Hangfeng He and Weijie J. Su. The local elasticity of neural networks, 2020. URL https:
//arxiv.org/abs/1910.06943.

Yingqing He, Menghan Xia, Haoxin Chen, Xiaodong Cun, Yuan Gong, Jinbo Xing, Yong Zhang,
Xintao Wang, Chao Weng, Ying Shan, and Qifeng Chen. Animate-a-story: Storytelling
with retrieval-augmented video generation, 2023. URL https://arxiv.org/abs/2307.
06940.

Jack Hessel, Ari Holtzman, Maxwell Forbes, Ronan Le Bras, and Yejin Choi. Clipscore: A
reference-free evaluation metric for image captioning, 2022. URL https://arxiv.org/
abs/2104.08718.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models, 2020. URL
https://arxiv.org/abs/2006.11239.

Jonathan Ho, William Chan, Chitwan Saharia, Jay Whang, Ruiqi Gao, Alexey Gritsenko, Diederik P.
Kingma, Ben Poole, Mohammad Norouzi, David J. Fleet, and Tim Salimans. Imagen video: High
definition video generation with diffusion models, 2022a. URL https://arxiv.org/abs/
2210.02303.

Jonathan Ho, Tim Salimans, Alexey Gritsenko, William Chan, Mohammad Norouzi, and David J.
Fleet. Video diffusion models, 2022b. URL https://arxiv.org/abs/2204.03458.

Arthur Jacot, Franck Gabriel, and Clement Hongler. Neural tangent kernel: Convergence and gen-
eralization in neural networks. In S. Bengio, H. Wallach, H. Larochelle, K. Grauman, N. Cesa-
Bianchi, and R. Garnett (eds.), Advances in Neural Information Processing Systems, volume 31.
Curran Associates, Inc., 2018. URL https://proceedings.neurips.cc/paper_
files/paper/2018/file/5a4be1fa34e62bb8a6ec6b91d2462f5a-Paper.pdf.

Weijie Kong, Qi Tian, Zijian Zhang, Rox Min, Zuozhuo Dai, Jin Zhou, Jiangfeng Xiong, Xin Li,
Bo Wu, Jianwei Zhang, et al. Hunyuanvideo: A systematic framework for large video generative
models. arXiv preprint arXiv:2412.03603, 2024.

Xin Lai, Zhuotao Tian, Yukang Chen, Senqiao Yang, Xiangru Peng, and Jiaya Jia. Step-dpo: Step-
wise preference optimization for long-chain reasoning of llms, 2024. URL https://arxiv.
org/abs/2406.18629.

LAION-AI. aesthetic-predictor. https://github.com/laion-ai/aesthetic-predictor, 2022.

Junzhe Li, Yutao Cui, Tao Huang, Yinping Ma, Chun Fan, Miles Yang, and Zhao Zhong. Mix-
grpo: Unlocking flow-based grpo efficiency with mixed ode-sde, 2025. URL https://arxiv.
org/abs/2507.21802.

Jie Liu, Gongye Liu, Jiajun Liang, Yangguang Li, Jiaheng Liu, Xintao Wang, Pengfei Wan,
Di Zhang, and Wanli Ouyang. Flow-grpo: Training flow matching models via online rl. arXiv
preprint arXiv:2505.05470, 2025a.

Jie Liu, Gongye Liu, Jiajun Liang, Ziyang Yuan, Xiaokun Liu, Mingwu Zheng, Xiele Wu, Qiulin
Wang, Wenyu Qin, Menghan Xia, et al. Improving video generation with human feedback. arXiv
preprint arXiv:2501.13918, 2025b.

Runtao Liu, Haoyu Wu, Zheng Ziqiang, Chen Wei, Yingqing He, Renjie Pi, and Qifeng Chen.
Videodpo: Omni-preference alignment for video diffusion generation, 2024. URL https://
arxiv.org/abs/2412.14167.

Yu Meng, Mengzhou Xia, and Danqi Chen. Simpo: Simple preference optimization with a
reference-free reward, 2024. URL https://arxiv.org/abs/2405.14734.

11

https://arxiv.org/abs/2506.09113
https://arxiv.org/abs/2506.09113
https://arxiv.org/abs/1910.06943
https://arxiv.org/abs/1910.06943
https://arxiv.org/abs/2307.06940
https://arxiv.org/abs/2307.06940
https://arxiv.org/abs/2104.08718
https://arxiv.org/abs/2104.08718
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2210.02303
https://arxiv.org/abs/2210.02303
https://arxiv.org/abs/2204.03458
https://proceedings.neurips.cc/paper_files/paper/2018/file/5a4be1fa34e62bb8a6ec6b91d2462f5a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2018/file/5a4be1fa34e62bb8a6ec6b91d2462f5a-Paper.pdf
https://arxiv.org/abs/2406.18629
https://arxiv.org/abs/2406.18629
https://arxiv.org/abs/2507.21802
https://arxiv.org/abs/2507.21802
https://arxiv.org/abs/2412.14167
https://arxiv.org/abs/2412.14167
https://arxiv.org/abs/2405.14734


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L. Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, John Schulman, Jacob Hilton, Fraser Kel-
ton, Luke Miller, Maddie Simens, Amanda Askell, Peter Welinder, Paul Christiano, Jan Leike,
and Ryan Lowe. Training language models to follow instructions with human feedback, 2022.
URL https://arxiv.org/abs/2203.02155.

Arka Pal, Deep Karkhanis, Samuel Dooley, Manley Roberts, Siddartha Naidu, and Colin White.
Smaug: Fixing failure modes of preference optimisation with dpo-positive, 2024. URL https:
//arxiv.org/abs/2402.13228.

Xiangyu Peng, Zangwei Zheng, Chenhui Shen, Tom Young, Xinying Guo, Binluo Wang, Hang
Xu, Hongxin Liu, Mingyan Jiang, Wenjun Li, Yuhui Wang, Anbang Ye, Gang Ren, Qianran
Ma, Wanying Liang, Xiang Lian, Xiwen Wu, Yuting Zhong, Zhuangyan Li, Chaoyu Gong, Guo-
jun Lei, Leijun Cheng, Limin Zhang, Minghao Li, Ruijie Zhang, Silan Hu, Shijie Huang, Xi-
aokang Wang, Yuanheng Zhao, Yuqi Wang, Ziang Wei, and Yang You. Open-sora 2.0: Training a
commercial-level video generation model in 200k.arXiv preprint arXiv:2503.09642, 2025.

Mihir Prabhudesai, Russell Mendonca, Zheyang Qin, Katerina Fragkiadaki, and Deepak Pathak. Video
diffusion alignment via reward gradients, 2024. URL https://arxiv.org/abs/2407.
08737.

Yifan Pu, Jihan Liu, Feifan Wang, Long-Kai Ma, Zhipeng Wang, Zilong Li, Tianyu Xue, Jiazheng Liu,
Zihan Zhao, Hanting Lu, Xiaoguang Wang, and Saining Song. RLHF-V: Towards general-purpose
video-language model via reward-guided tuning. arXiv preprint arXiv:2402.16423, 2024.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Stefano Ermon, Christopher D. Manning, and Chelsea
Finn. Direct preference optimization: Your language model is secretly a reward model, 2024. URL
https://arxiv.org/abs/2305.18290.

Noam Razin, Sadhika Malladi, Adithya Bhaskar, Danqi Chen, Sanjeev Arora, and Boris Hanin. Un-
intentional unalignment: Likelihood displacement in direct preference optimization, 2025. URL
https://arxiv.org/abs/2410.08847.

Yi Ren and Danica J. Sutherland. Learning dynamics of llm finetuning, 2025. URL https://
arxiv.org/abs/2407.10490.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models, 2022. URL https://arxiv.org/
abs/2112.10752.

Ludan Ruan, Yiyang Ma, Huan Yang, Huiguo He, Bei Liu, Jianlong Fu, Nicholas Jing Yuan, Qin Jin,
and Baining Guo. Mm-diffusion: Learning multi-modal diffusion models for joint audio and video
generation, 2023. URL https://arxiv.org/abs/2212.09478.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, Y. K. Li, Y. Wu, and Daya Guo. Deepseekmath: Pushing the limits of mathematical reason-
ing in open language models, 2024. URL https://arxiv.org/abs/2402.03300.

Yang Song, Jascha Sohl-Dickstein, Diederik P. Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations, 2021. URL
https://arxiv.org/abs/2011.13456.

Hao Sun, Yunyi Shen, and Jean-Francois Ton. Rethinking bradley-terry models in preference-based
reward modeling: Foundations, theory, and alternatives, 2025. URL https://arxiv.org/
abs/2411.04991.

Gokul Swamy, Christoph Dann, Rahul Kidambi, Zhiwei Steven Wu, and Alekh Agarwal. A min-
imaximalist approach to reinforcement learning from human feedback, 2024. URL https:
//arxiv.org/abs/2401.04056.

Fahim Tajwar, Anikait Singh, Archit Sharma, Rafael Rafailov, Jeff Schneider, Tengyang Xie, Stefano
Ermon, Chelsea Finn, and Aviral Kumar. Preference fine-tuning of llms should leverage suboptimal,
on-policy data, 2024. URL https://arxiv.org/abs/2404.14367.

12

https://arxiv.org/abs/2203.02155
https://arxiv.org/abs/2402.13228
https://arxiv.org/abs/2402.13228
https://arxiv.org/abs/2407.08737
https://arxiv.org/abs/2407.08737
https://arxiv.org/abs/2305.18290
https://arxiv.org/abs/2410.08847
https://arxiv.org/abs/2407.10490
https://arxiv.org/abs/2407.10490
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2212.09478
https://arxiv.org/abs/2402.03300
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2411.04991
https://arxiv.org/abs/2411.04991
https://arxiv.org/abs/2401.04056
https://arxiv.org/abs/2401.04056
https://arxiv.org/abs/2404.14367


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Zhiyu Tan, Junyan Wang, Hao Yang, Luozheng Qin, Hesen Chen, Qiang Zhou, and Hao Li. Raccoon:
Multi-stage diffusion training with coarse-to-fine curating videos, 2025. URL https://arxiv.
org/abs/2502.21314.

Zachary Teed and Jia Deng. Raft: Recurrent all-pairs field transforms for optical flow, 2020. URL
https://arxiv.org/abs/2003.12039.

Bram Wallace, Meihua Dang, Rafael Rafailov, Linqi Zhou, Aaron Lou, Senthil Purushwalkam, Stefano
Ermon, Caiming Xiong, Shafiq Joty, and Nikhil Naik. Diffusion model alignment using direct
preference optimization, 2023.

Team Wan, Ang Wang, Baole Ai, Bin Wen, Chaojie Mao, Chen-Wei Xie, Di Chen, Feiwu Yu, Haiming
Zhao, Jianxiao Yang, Jianyuan Zeng, Jiayu Wang, Jingfeng Zhang, Jingren Zhou, Jinkai Wang,
Jixuan Chen, Kai Zhu, Kang Zhao, Keyu Yan, Lianghua Huang, Mengyang Feng, Ningyi Zhang,
Pandeng Li, Pingyu Wu, Ruihang Chu, Ruili Feng, Shiwei Zhang, Siyang Sun, Tao Fang, Tianxing
Wang, Tianyi Gui, Tingyu Weng, Tong Shen, Wei Lin, Wei Wang, Wei Wang, Wenmeng Zhou,
Wente Wang, Wenting Shen, Wenyuan Yu, Xianzhong Shi, Xiaoming Huang, Xin Xu, Yan Kou,
Yangyu Lv, Yifei Li, Yijing Liu, Yiming Wang, Yingya Zhang, Yitong Huang, Yong Li, You Wu,
Yu Liu, Yulin Pan, Yun Zheng, Yuntao Hong, Yupeng Shi, Yutong Feng, Zeyinzi Jiang, Zhen Han,
Zhi-Fan Wu, and Ziyu Liu. Wan: Open and advanced large-scale video generative models. arXiv
preprint arXiv:2503.20314, 2025.

Jason Wei, Maarten Bosma, Vincent Y. Zhao, Kelvin Guu, Adams Wei Yu, Brian Lester, Nan Du,
Andrew M. Dai, and Quoc V. Le. Finetuned language models are zero-shot learners, 2022. URL
https://arxiv.org/abs/2109.01652.

Chenfei Wu, Lun Huang, Qianxi Zhang, Binyang Li, Lei Ji, Fan Yang, Guillermo Sapiro, and Nan
Duan. Godiva: Generating open-domain videos from natural descriptions, 2021. URL https:
//arxiv.org/abs/2104.14806.

Haoning Wu, Chaofeng Chen, Liang Liao, Jingwen Hou, Wenxiu Sun, Qiong Yan, Jinwei Gu, and
Weisi Lin. Neighbourhood representative sampling for efficient end-to-end video quality assess-
ment, 2022.

Xiaoshi Wu, Yiming Hao, Keqiang Sun, Yixiong Chen, Feng Zhu, Rui Zhao, and Hongsheng Li.
Human preference score v2: A solid benchmark for evaluating human preferences of text-to-image
synthesis. arXiv preprint arXiv:2306.09341, 2023.

Jiazheng Xu, Xiao Liu, Yuchen Wu, Yuxuan Tong, Qinkai Li, Ming Ding, Jie Tang, and Yuxiao Dong.
Imagereward: learning and evaluating human preferences for text-to-image generation. In Proceed-
ings of the 37th International Conference on Neural Information Processing Systems, pp. 15903–
15935, 2023.

Zeyue Xue, Jie Wu, Yu Gao, Fangyuan Kong, Lingting Zhu, Mengzhao Chen, Zhiheng Liu, Wei Liu,
Qiushan Guo, Weilin Huang, et al. Dancegrpo: Unleashing grpo on visual generation. arXiv preprint
arXiv:2505.07818, 2025.

Kai Yang, Jian Tao, Jiafei Lyu, Chunjiang Ge, Jiaxin Chen, Qimai Li, Weihan Shen, Xiaolong Zhu,
and Xiu Li. Using human feedback to fine-tune diffusion models without any reward model, 2024a.
URL https://arxiv.org/abs/2311.13231.

Xiliang Yang, Feng Jiang, Qianen Zhang, Lei Zhao, and Xiao Li. Dpo-shift: Shifting the distribution
of direct preference optimization, 2025. URL https://arxiv.org/abs/2502.07599.

Zhuoyi Yang, Jiayan Teng, Wendi Zheng, Ming Ding, Shiyu Huang, Jiazheng Xu, Yuanming Yang,
Wenyi Hong, Xiaohan Zhang, Guanyu Feng, et al. Cogvideox: Text-to-video diffusion models with
an expert transformer. arXiv preprint arXiv:2408.06072, 2024b.

Hongyi Yuan, Zheng Yuan, Chuanqi Tan, Wei Wang, Songfang Huang, and Fei Huang.
Rrhf: Rank responses to align language models with human feedback. In A. Oh,
T. Naumann, A. Globerson, K. Saenko, M. Hardt, and S. Levine (eds.), Advances in
Neural Information Processing Systems, volume 36, pp. 10935–10950. Curran Associates,
Inc., 2023. URL https://proceedings.neurips.cc/paper_files/paper/2023/
file/23e6f78bdec844a9f7b6c957de2aae91-Paper-Conference.pdf.

13

https://arxiv.org/abs/2502.21314
https://arxiv.org/abs/2502.21314
https://arxiv.org/abs/2003.12039
https://arxiv.org/abs/2109.01652
https://arxiv.org/abs/2104.14806
https://arxiv.org/abs/2104.14806
https://arxiv.org/abs/2311.13231
https://arxiv.org/abs/2502.07599
https://proceedings.neurips.cc/paper_files/paper/2023/file/23e6f78bdec844a9f7b6c957de2aae91-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/23e6f78bdec844a9f7b6c957de2aae91-Paper-Conference.pdf


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Huizhuo Yuan, Zixiang Chen, Kaixuan Ji, and Quanquan Gu. Self-play fine-tuning of diffusion models
for text-to-image generation, 2024. URL https://arxiv.org/abs/2402.10210.

Yao Zhao, Misha Khalman, Rishabh Joshi, Shashi Narayan, Mohammad Saleh, and Peter J. Liu.
Calibrating sequence likelihood improves conditional language generation, 2022. URL https:
//arxiv.org/abs/2210.00045.

Zangwei Zheng, Xiangyu Peng, Tianji Yang, Chenhui Shen, Shenggui Li, Hongxin Liu, Yukun Zhou,
Tianyi Li, and Yang You. Open-sora: Democratizing efficient video production for all. arXiv
preprint arXiv:2412.20404, 2024.

14

https://arxiv.org/abs/2402.10210
https://arxiv.org/abs/2210.00045
https://arxiv.org/abs/2210.00045


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 DISCUSS, FUTURE WORK AND ACKNOWLEDGEMENTS.

Discussion We introduce an updating policy framework that unifies and interprets preference
alignment methods by deconstructing their loss functions into core update dynamics. This frame-
work reveals an inherent asymmetry in the DPO update mechanism, which, when combined with the
similarity effect, provides a principled explanation for the “likelihood displacement” failure mode.
Building on this diagnosis, we propose PG-DPO, which introduces two controllable parameters, α
and γ, to explicitly manage the update strength trade-off and apply adaptive regularization to chosen
samples. The empirical success of PG-DPO not only resolves DPO’s instabilities but also validates
our framework’s diagnostic power, advocating for a more principled, mechanics-driven approach to
designing alignment algorithms.

Limitation and Future Work A primary limitation is that PG-DPO introduces two hyperparam-
eters, K1 and K2, which require careful tuning. Future work will focus on developing adaptive
mechanisms to automate their selection, making the algorithm more robust and user-friendly. Fur-
thermore, our current framework is centered on DPO-style methods. A key direction is to extend
it to encompass RL-based alignment techniques like PPO, aiming to bridge the gap between these
paradigms. Finally, we plan to leverage the framework not only to investigate its interaction with
varying data quality but also as a blueprint for designing novel alignment algorithms from first prin-
ciples.

Acknowledgements We thank Gemini for its assistance in refining the language of this
manuscript. We also appreciate the anonymous reviewers for their constructive comments, which
will help improve this work.

A.2 USE OF LLMS

The Large Language Models (LLMs) are utilized for language polishing and proofreading of this
manuscript. Assistance from the LLMs are not sought for the conceptual ideas or the code. The
authors assume full responsibility for any and all issues that may arise from its use.

A.3 UPDATING POLICY OF FINETUNE ALGORITHM

In this section, we provide a detailed derivation and analysis of the Updating Policies for various
fine-tuning methods within the diffusion framework. The goal is to foster a deeper understanding
of their underlying update mechanisms and to offer insights into potential failure modes during
the optimization process. Specifically, we want to emphasize a critical distinction between our
methodology and traditional analyses that focus solely on the gradient of the loss function. While
the gradient indicates the magnitude or intensity of learning in a given scenario, our analysis of the
Updating Policy directly reveals how the probability of a sample changes following a single update
step. This approach, therefore, offers a more direct and interpretable view of the model’s dynamic
behavior.

A.3.1 INSTRUCTION FINETUNING USING SUPERVISED FINE-TUNING (SFT)

Suppose that we want to monitor how the model’s prediction changes on an “observing example” xo

after a single fine-tuning step. Starting from Equation 5, we first approximate log pθτ+1(xo
t−1|xo

t , c
o)

via a first-order Taylor expansion:

log pθτ+1(xo
t−1|xo

t , c
o) = log pθτ (xo

t−1|xo
t , c

o)+

⟨∇ log pθτ (xo
t−1|xo

t , c
o), θt+1 − θτ ⟩+O(∥θτ+1 − θτ∥2),

(11)

where τ denotes the training step, xo
t denoted the noisy latent embedding of xo in timestep t. Then,

assuming the model updates its parameters using SGD calculated by an “updating example” xu with
condition cu, we can rearrange the terms in the above equation to get the following expression:
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∆logpθτ+1(xo
t−1|xo

t , c
o) = logpθτ+1(xo

t−1|xo
t , c

o)− logpθτ (xo
t−1|xo

t , c
o)

= ∇θlog pθτ (xo
t−1|xo

t , c
o)(θτ+1 − θτ ) +O(∥θτ+1 − θτ∥2).

(12)

To evaluate the leading term, we plug in the definition of SGD:

∆logpθt+1(xo
t−1|xo

t , c
o) = −η∇θlogpθt(xo

t−1|xo
t , c

o)(∇θLSFT(x
u)|θτ )T

∝ −η Gθ(x
o
t ) · Kθ(x

o
t , x

u
t ) · GT

θ (x
u
t ) +O(η2),

(13)

where η denotes the learning rate, denote K and G as Gθ(x
o
t ) = Σ−1(xo

t − µθ(x
o
t )), Kθ(x

o
t , x

w
t ) =

⟨∇θµ(x
o
t ),∇θµ(x

w
t )⟩. Next, we prove Eq. 13 under two main forms of diffusion model. First, as

for DDPM schedule Ho et al. (2020), the posterior relationship between the noisy samples xo
t and

xo
t−1 conditioned on co is:

pθ(xt−1|xt) ∼ N
(√

αt−1x̂0 +
√

1− αt−1 − σ2
t · xt −

√
αtx̂0√

1− αt
, σ2

t I

)
, (14)

where,

x̂0 =
xt −

√
1− αtϵ̂t(xt, t)√

αt
. (15)

As for Flow matching Esser et al. (2024); Liu et al. (2025a), the posterior relationship between xo
t

and xo
t−1 conditioned on co is as follows:

dxt = (vθ(xt, t) +
σ2
t

2t
(xt + (1− t)vθ(xt, t)))dt+ σtdwt, (16)

where dwt denotes Wiener process increments and σt controls the stochasticity strength, vθ(·) de-
notes the learned denoise models, as denoted as ϵθ in DDPM schedule. To simulate the stochastic
flow matching trajectory, the Eq. 16 can be discretized via Euler-Maruyama method:

xt+∆t = xt + (vθ(xt, t) +
σ2
t

2t
(xt + (1− t)vθ(xt, t)))∆t+ σt

√
∆tϵ, (17)

where σt = a
√
t/1− t and a is a scalar hyper-parameter that controls the noise level, ϵ ∼ N (0, I),

t ∈ [0, 1] denotes the denoise step, ∆t is the integration step.

According to above analysis, we can set pθ(xt−1|xt) ∼ N
(
µθ(xt), σ

2
t I
)

for simplify under these
two main forms. According to Maximum Likelihood Estimation (MLE), we calculate the SFT loss:

LSFT = −log pθ(xt−1|xt)

= log

(
(2π)−

m
2 Σ−m

2 exp
(
−1

2
(xt − µθ(xt))

TΣ−1(xt − µθ(xt))

))
∝ min

(
(xt − µθ(xt))

TΣ−1(xt − µθ(xt))
)
,

(18)

where m denotes as the dimension of xt. As a result, we calculate the gradient of SFT loss:

∇θLSFT = −∇θlog pθ(xt−1|xt, c) = −∂log pθ(xt−1|xt, c)

∂µθ(xt, c)
· ∂µθ(xt, c)

∂θ

∝ −
(
(Σ−1xt − Σ−1µθ(xt, c)) · ∇θµθ(xt, c)

)
.

(19)

Plugging Eq. 19 into Eq. 13, which yields the SFT fine-tuning update policy:
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∆ log pθt+1(xo
t−1|xo

t , c
o) = −η∇θ log pθt(xo

t−1|xo
t , c

o)(∇θLSFT(x
u)|θτ )T +O(η2)

∝ −η((Σ−1xo
t − Σ−1µθ(xt, c)) · ∇θµθ(x

o
t , c

o))((Σ−1xu
t − Σ−1µθ(x

u
t , c

u)) · ∇θµθ(x
u
t , c

u))T

= −η Gθ(x
o
t ) · Kθ(x

o
t , x

u
t ) · GT

θ (x
u
t ).

(20)

The second term in this decomposition, K(xu
t , x

o
t ), is the product of gradients at xo

t and xu
t . This

matrix is known as the empirical Neural Tangent Kernel (NTK), which can be interpreted as the
network’s learned similarity metric that evolves throughout training. Intuitively, the Frobenius norm
of this kernel is large when the gradients point in similar directions. For appropriately initialized
wide networks trained with a small learning rate, prior work (Arora et al. (2019); Jacot et al. (2018))
has shown that K remains nearly constant, and its magnitude is larger for more similar sample pairs.
This theoretical property provides a formal basis for the intuitive behavior observed in Supervised
Fine-Tuning (SFT): an update step on a sample xu induces a more pronounced change in the prob-
ability of other, more similar samples. We also observe a parallel “similarity effect” in the DPO
loss update mechanism, as shown in Sec. A.3.2. As illustrated in Fig. 1b, when the reward mar-
gin is small, the differential impact on the probabilities of various samples diminishes, with their
respective changes converging towards zero.

A.3.2 INSTRUCTION FINETUNING USING DPO-STYLE FINE-TUNING

Direct Preference Optimization (DPO, Rafailov et al. (2024)) is usually considered the first model-
free alignment algorithm for preference fine-tuning. Hence, we start from DPO and other DPO-style
fine-tuning algorithms to analyze the updating policy.

The training loss of DPO on the example preference pairs (xw, xl) conditioned on c denotes:

Ldpo = −min

[
log σ

(
βT log

(
pθ(x

w
t−1|xw

t , c)

pref (xw
t−1|xw

t , c)

)
− βT log

(
pθ(x

l
t−1|xl

t, c)

pref (xl
t−1|xl

t, c)

))]
. (21)

where T denotes the total denoise step, β denotes the strength of KL diversity. Similar to Equation 13
for SFT, the updating policy for the DPO loss can be written as:

∆ log pθt+1(xo
t−1|xo

t , c
o) = −η∇θ log pθt(xo

t−1|xo
t , c

o)(∇θLDPO(x
w
t , x

l
t)|θτ )T . (22)

To get the updating policy of DPO, we first calculate the gradient of DPO loss and repeatedly use
the chain rule:

∇θLDPO =
∂LDPO

∂a
· ∂a
∂b

· ∂b
∂θ

= −1

a
· a · (1− a)(−βT (∇θLSFT(x

w
t )−∇θLSFT(x

l
t)))

= Tβ(1− a)(∇θLSFT(x
w
t )−∇θLSFT(x

l
t)),

(23)

where,

a = σ

[
βT log

(
pθ(x

w
t−1|xw

t , c)

pref (xw
t−1|xw

t , c)

)
− βT log

(
pθ(x

l
t−1|xl

t, c)

pref (xl
t−1|xl

t, c)

)]
(24)

b = βT log

(
pθ(x

w
t−1|xw

t , c)

pref (xw
t−1|xw

t , c)

)
− βT log

(
pθ(x

l
t−1|xl

t, c)

pref (xl
t−1|xl

t, c)

)
(25)

= βT (LSFT(x
w
t )− LSFT(x

l
t))− c (26)

c = βT (log pref (x
w
t−1|xw

t , c)− log pref (x
l
t−1|xl

t, c)), (27)
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where K and G are the same as SFT (sec. A.3.1), represent as:

Gθ,DPO(x
o
t ) = Σ−1(xo

t − µθ(x
o
t ))

Kθ(x
o
t , x

w
t ) = ⟨∇θµ(x

o
t )∇θµ(x

w
t )⟩,

(28)

As a result, the updating policy of DPO denotes as:

∆ log pθτ+1(xo
t−1|xo

t ) ∝ ηTβ(1− a)Gθ(x
o
t ) · (Kθ(x

o
t , x

w
t )GT

θ (x
w
t )−

Kθ(x
o
t , x

l
t)GT

θ (x
l
t)) +O(η2∥∇LDPO∥2).

(29)

For analysis, we define the core term within sigmoid function of the DPO objective as reward margin,
shown in Eq. 30. a is the function of reward margin for the win/lose pairs, due to the monotonicity
of σ(·), a larger margin leads to larger a, which in turn restrains the updating strength. When the
margin is negative, larger β leads to a smaller a and hence provides stronger updating step for the
model to “catch up” the separating ability of the reference model faster. But when the model is
better and has a positive margin, increasing β will increase a and hence create a negative influence
on β(1− a), which makes the model update less. This aligns well with the claims in original DPO
paper: the stronger regularizing effect tends to “drag” current model back to ref model when its
predictions deviate from ref too much.

reward margin =
pθ(x

w
t−1|xw

t , c)

pref (xw
t−1|xw

t , c)
− log

pθ(x
l
t−1|xl

t, c)

pref (xl
t−1|xl

t, c)
(30)

Similarly, we can extend the framework of updating policy for other DPO-style preference optimiza-
tion methods, like Identity-preference Optimization (IPO, Azar et al. (2023)):

LIPO = −min

[(
log

pθ(x
w
t−1|xw

t , c)

pref(xw
t−1|xw

t , c)
− log

pθ(x
l
t−1|xl

t, c)

pref(xl
t−1|xl

t, c)
− 1

2β

)2
]
,

GIPO = GDPO; a = log
pθ(x

w
t−1|xw

t , c)

pref(xw
t−1|xw

t , c)
− log

pθ(x
l
t−1|xl

t, c)

pref(xl
t−1|xl

t, c)
− 1

2β
.

(31)

For the Sequence Likelihood Calibration (SLiC, Zhao et al. (2022)), the updating policy becomes:

LSLiC = −min

[
max

[
0, δ − log

pθ(x
w
t−1|xw

t , c)

pθ(xl
t−1|xl

t, c)

]
− β log pθ(x

ref
t−1|xref

t , c)

]
= min

[
max

[
0, δ + LSFT(x

w
t )− LSFT(x

l
t)
]
+ βLSFT(x

ref
t )
]
,

GSLiC(x
w
t ) = A · GDPO(x

w
t ) + GDPO(x

ref
t ); A = ⊮

(
δ − log

pθ(x
w
t−1|xw

t , c)

pθ(xl
t−1|xl

t, c)

)
,

(32)

where ⊮(·) is the indicator function. In summary, these model-free based methods can all be calcu-
lated in the framework of updating policy. For the DPO and IPO loss, the directions of the updating
signals are identical. A scalar controls the strength of this update, which usually correlates with
the reward margin between chosen samples xw and rejected samples xl. Generally, a larger reward
margin leads to a larger a, making the norm of updating strength smaller. The SLiC loss can be
considered as a combination of SFT adaptation and preference adaptation. If the reward margin
is larger than δ, the indicator function will become zero, and the model stops pushing chosen and
rejected samples away when it already separates xw and xl.

In summary, the updating policy framework we have proposed successfully elucidates the underlying
update mechanisms of numerous fine-tuning methods, including SFT, DPO, and other DPO-style
approaches such as IPO (Azar et al. (2023)) and SLiC (Zhao et al. (2022)). This unified perspective,
in turn, provides crucial guidance for diagnosing and mitigating the known failure modes of the
DPO method.
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A.3.3 OTHER ASPECT OF LIKELIHOOD DISPLACEMENT

Next, we will explore the causes of likelihood displacement from the perspective of DPO’s dif-
ference in the update range of chosen and rejected samples. According to the original paper of
DPO (Rafailov et al. (2024)), its loss can be rewritten in the following form:

Ldpo = −min

[
log σ

(
βT log

(
pθ(x

w
t−1|xw

t , c)

pref (xw
t−1|xw

t , c)

)
− βT log

(
pθ(x

l
t−1|xl

t, c)

pref (xl
t−1|xl

t, c)

))]
= −

[
log σ

(
xβ
1

xβ
1 + xβ

2

)]
,

(33)

where x1 =
pθ(x

w
t−1|x

w
t ,c)

pref (xw
t−1|xw

t ,c) , x2 =
pθ(x

l
t−1|x

l
t,c)

pref (xl
t−1|xl

t,c)
, p(xw) = pθ(x

w
t−1|xw

t , c) and p(xl) =

pθ(x
l
t−1|xl

t, c) for simplification. In this case, we want to increase x1 and decrease x2 in DPO
training.

The partial derivatives of Eq. 33 with respect to x1 and x2 are given as follows, detailed proof can
be seen in previous work (Feng et al. (2024)).

∂LDPO(x1, x2)

∂x1
= − βxβ

2

x1(x
β
1 + xβ

2 )
,

∂LDPO(x1, x2)

∂x2
= − βxβ−1

2

xβ
1 + xβ

2

.

(34)

This reveals an inherent asymmetry in the DPO update mechanism. For any given preference pair
(xw, xl), the DPO objective creates a stronger gradient signal to suppress the probability of the
rejected sample, p(xl), than it does to amplify the probability of the chosen sample, p(xw). As
training progresses and the reward margin increases, this imbalance becomes more pronounced.
Consequently, the model’s capacity to penalize the rejected sample is intrinsically greater than its
capacity to reward the chosen one.

When this dynamic is viewed through the lens of our updating policy, a critical failure mode emerges.
The model can exploit this asymmetry by taking a “path of least resistance” to minimize the loss.
This seemingly counter-intuitive action involves reducing the probabilities of both the chosen and
rejected samples simultaneously. This is possible because the downward “push” on p(xl) is stronger
than the downward “pull” on p(xw). As a result, the log-probability gap, log(p(xw)/p(xl)), can
still increase—satisfying the optimization objective—even as both absolute probabilities degrade.
This mechanism is the root cause of the “likelihood displacement” phenomenon, where the model
improves relative preferences at the cost of declining absolute sample quality.

A.4 ANALYSIS OF CHOSEN PROBABILITIES ENHANCEMENT

As illustrated in Eq. 10, we tracked the per-step log-likelihood advantage between PG-DPO and
VideoDPO, demonstrating the enhancement of chosen sample probabilities. Based on Eq. 11,

Γ(θ, τ + 1) = ∆ log pOurs
θτ+1(x

w
t−1|xw

t , c
w)−∆ log pVideoDPO

θτ+1 (xw
t−1|xw

t , c
w)

= −η∇θ log pθτ (xw
t−1|xw

t , c
w)(∇θLOurs(x

w, xl)|θτ −∇θLDPO(x
w, xl)|θτ )T .

(35)

Detailed Derivation and Interpretation of Log-Likelihood Advantage. To formally analyze
the per-step improvement of our method, we start by defining the change in the log-likelihood of a
chosen sample xw after a single gradient descent step. Using a first-order Taylor expansion for the
function f(θ) = log pθ(x

w|c) around the parameters θτ at step τ , we have:

log pθτ+1(xw|c) ≈ log pθτ (xw|c) +∇θ log pθτ (xw|c) · (θτ+1 − θτ ). (36)
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The parameter update rule for gradient descent is θτ+1 − θτ = −η∇θL|θτ , where η is the learning
rate and L is the loss function. Substituting this into the expansion, the change in log-likelihood is:

∆ log pθτ+1(xw|c) = log pθτ+1(xw|c)− log pθτ (xw|c) ≈ −η∇θ log pθτ (xw|c) · (∇θL|θτ )T . (37)

This equation quantifies how a single update step using a loss L affects the log-likelihood of the
chosen sample. Our metric, Γ(θ, τ + 1), is defined as the difference between the log-likelihood
change induced by our method (LOurs) and that induced by the VideoDPO loss (LVideoDPO):

Γ(θ, τ + 1) = ∆ log pOurs
θτ+1(x

w|c)−∆ log pVideoDPO
θτ+1 (xw|c). (38)

By substituting the Taylor approximation for both terms, we arrive at the expression in Eq. 35,
which provides a direct, step-by-step comparison of the two methods’ impact on the chosen sample’s
probability.

Why a Positive Γ Indicates Superior Performance. The core goal of preference alignment is
to increase the model’s likelihood of generating human-preferred (chosen) samples. The metric
Γ(θ, τ + 1) directly measures which training procedure is more effective at this goal on a per-step
basis.

• A Positive Γ: If Γ(θ, τ + 1) > 0, it means that for the given preference pair (xw, xl)
at step τ , the gradient update from our PG-DPO loss function provides a stronger “push”
to increase the probability of xw compared to the update from the VideoDPO loss. This
demonstrates that our method is more effectively steering the model parameters in the de-
sired direction for the chosen sample.

• Combating Likelihood Displacement: The key failure mode we identified in DPO is
“likelihood displacement”, where the model may reduce the probability of both chosen and
rejected samples to satisfy the loss. In such a scenario, ∆ log pVideoDPO would be negative.
A positive value for Γ is particularly significant here, as it indicates that our method yields
a less negative or more positive change in log-likelihood for xw than VideoDPO. It shows
that PG-DPO is actively counteracting this undesirable behavior.

• Interpreting the 81.7% and 76.9% Statistic: Our empirical finding that Γ is positive
for 81.7% in Wanx2.1 model and 76.9% in VC2 model is a powerful statement about the
consistency of our method’s advantage. It implies that in more than four out of every
five updates, PG-DPO is doing a better job than the baseline at the fundamental task of
boosting the chosen sample’s probability. This is not an averaged, end-of-training metric;
it is a robust, step-by-step validation of our proposed update dynamics. This consistent,
superior performance at the micro-level explains the superior alignment quality observed
at the macro-level in our final model.

In summary, a positive Γ serves as direct, quantitative evidence that PG-DPO provides a more ef-
fective and reliable learning signal for aligning with human preferences, successfully mitigating the
critical failure modes inherent in the VideoDPO formulation.

A.5 IMPLEMENTATION DETAILS

A.5.1 METRIC DETAILS

• CLIP Score: To measure the semantic alignment between the generated video and the
input text prompt, we compute the CLIP score for each frame and report the average value.
This evaluates how well the video content matches the textual description.

• HPS-v2: To gauge how favorably humans would rate the generated videos, we employ
HPS-v2 (Wu et al. (2023)), a reward model trained on large-scale human preference data.
It predicts a score that correlates with human judgments on aesthetics and quality.

• VideoAlign: We utilize VideoAlign (Liu et al. (2025b)), a state-of-the-art evaluation
model, to provide a holistic assessment of our generated videos. It scores them across
multiple dimensions, including visual quality, motion quality, and text-video alignment.
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• Temporal Flickering: To assess the temporal stability and color consistency, we calcu-
late the temporal flickering across the video frames. A higher score indicates smoother
transitions and fewer visual artifacts over time.

• Aesthetic Quality: We quantify the aesthetic appeal of the generated results using an
established aesthetic predictor LAION-AI. (2022), which is trained on the LAION dataset
to score visual aesthetics.

• VQA Score: To evaluate the objective quality and content fidelity of the generated videos,
we leverage VQA model (Wu et al. (2022)). This approach assesses the visual quality
within the video.

• User Study: In the user study, a total of 30 experienced participants are invited to take part.
We employ PG-DPO (our method), SFT, DPO and baseline to separately generate 18 videos
in both settings. As shown in Fig. 7a and Fig. 7b, users from diverse backgrounds evaluate
the results in terms of visual quality (VQ), motion quality (MQ), text-video alignment (TA)
and overall performance (Overall). Our method outperforms all state-of-art methods on
four evaluation aspects with a big margin, demonstrating the effect of our method.

(a) (b)

Figure 7: Results for the user study in percentages. (a) VideoCrafter2 (VC2), (b) Wanx2.1.

A.5.2 MORE DETAILS OF FIG. 2

Figure 2 provides a micro-level visualization of the training dynamics, tracking the predicted proba-
bilities of chosen and rejected samples. This analysis is crucial for empirically validating our claim
that PG-DPO resolves the “likelihood displacement” failure mode inherent in VideoDPO.

Probability Calculation in the Diffusion Model. A key technical challenge is to define and com-
pute a meaningful “probability” for a sample within a diffusion model framework like VideoCrafter-
v2 (VC2), which utilizes a DDIM-like scheduler. Unlike autoregressive models that provide explicit
next-token probabilities, the likelihood of a sample in a diffusion model is tied to the entire reverse
denoising process. For our analysis, we employ a standard and computationally efficient proxy for
the log-likelihood that is directly related to the model’s training objective.

The reverse process in a diffusion model aims to denoise a variable xt to xt−1. The transition
probability pθ(xt−1|xt, c) is modeled as a Gaussian distribution whose mean is a function of the
model’s noise prediction ϵθ(xt, t, c). We can use the model output to represent the mean of the
Gaussian distribution, and then calculate the generation probability of a specific sample (Ho et al.
(2020)).

Analysis of Training Dynamics. With this methodology, the plots in Figure 2 become clear.

• Fig. 2(a) - VideoDPO: This plot exhibits the classic symptoms of likelihood displacement.
The dashed orange line (Rejected) shows a clear downward trend, as the DPO loss success-
fully penalizes the rejected sample. However, the solid blue line (Chosen) also degrades
over time, or at best, stagnates. This occurs because DPO’s update mechanism, focused
solely on maximizing the reward margin, often finds it easier to suppress both probabil-
ities, especially when the chosen and rejected samples are similar. While the difference
(lower subplot) may slowly increase, this comes at the cost of the model’s absolute ability
to generate the preferred sample, leading to a suboptimal alignment.
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• Fig. 2(b) - Our Method (PG-DPO): In stark contrast, our method demonstrates a much
healthier alignment process. The probability of the chosen sample (solid blue line) shows
a consistent and stable upward trend throughout training. Simultaneously, the probability
of the rejected sample (dashed orange line) is effectively suppressed. This is a direct con-
sequence of our design: the adaptive regularization term controlled by γ provides a direct
incentive to increase the chosen sample’s likelihood, while the trade-off parameter α pre-
vents the penalty on the rejected sample from negatively impacting the chosen one. The
result is a model that not only learns the preference (as shown by the steadily increasing
difference in the lower subplot) but also improves its fundamental capability to generate
high-quality, preferred content.

In conclusion, this detailed analysis confirms that PG-DPO successfully addresses the underlying
cause of DPO’s likelihood displacement by ensuring the probability of desired outputs is consistently
enhanced, rather than just optimizing a relative margin at the expense of absolute quality.

A.5.3 ANALYSIS OF HYPER-PARAMETERS

Our proposed PG-DPO method introduces two key hyperparameters, K1 and K2. In this section,
we provide an ablation study on their effects during training and offer rationales for their selection,
substantiating our choices with empirical evidence.

(a) (b) (c)

Figure 8: Predicted probabilities for chosen and rejected samples across training steps under
different K1. (a) K1 = 2, α ∈ [0.5, 0.6). (b) K1 = 10, α ∈ [0.5, 0.8). (c) K1 = 20, α ∈ [0.5, 1).

Effect of K1 The hyperparameter K1 directly controls the value of α. A smaller K1 results in a
smaller α. When α is excessively small (e.g., in the range [0.5, 0.6) as shown in Fig. 8a), it leads
to an overly aggressive suppression of the rejected samples. Consequently, the model struggles
to effectively increase the probability margin between chosen and rejected samples, as the growth
of the chosen probability is hindered. Conversely, an overly large α (e.g., in the range [0.5, 1)
as seen in Fig. 8c) leads to insufficient suppression of the rejected samples. This is particularly
problematic when the reward margin is small, as it hinders the desired shift in the chosen distribution.
In extreme cases, this can lead to “likelihood displacement”, where the probabilities of both chosen
and rejected samples decrease simultaneously. Therefore, the selection of K1 involves a trade-off.
We recommend dynamically tuning K1 based on the specific dataset, with the core objective of
maintaining α within a stable and effective range, such as [0.5, 0.8), which demonstrates a clear and
consistent separation between sample probabilities (Fig. 8b).

Effect of K2 The hyperparameter K2 influences both the value and the operational range of γ. A
larger K2 yields a lower average value for γ. This, in turn, diminishes the relative weight of the
implicit reward regularization for chosen samples within the overall loss function. As depicted in
Fig. 9a, when K2 is large (leading to γ ∈ [0.2, 0.5)), the regularization term has a minimal impact
even for samples with a large reward margin. This makes it difficult to overcome the “suboptimal
maximization” problem, manifesting as the model’s inability to consistently increase the probability
of chosen samples as training progresses.Conversely, if K2 is too large, the PG-DPO loss degener-
ates into the SFT loss. A detailed comparison and empirical analysis of this scenario are provided in
Section 4. Thus, selecting an appropriate K2 is crucial. It should be tuned according to dataset char-
acteristics to ensure that γ operates within a meaningful range (e.g., (0, 0.5) as shown in Fig. 9b),
thereby balancing preference optimization with effective regularization.
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(a) (b)

Figure 9: Predicted probabilities for chosen and rejected samples across training steps under
different K2. (a) K2 = 10, γ ∈ (0, 0.5). (b) K2 = 5, γ ∈ [0.2, 0.5).

Figure 10: Comparison results with previous works on the VideoCrafter (VC2).

Effect of β. The parameter β governs the trade-off between maximizing the learned preference
and remaining faithful to the reference model’s distribution. A higher β prioritizes fidelity to the
reference, which is particularly useful for mitigating instability during training. This mechanism,
as previously detailed, acts as a safeguard against catastrophic deviations that can lead to quality
degradation. Consequently, for scenarios where outputs become unstable or corrupted, a larger β
should be employed. Across our video generation experiments, we found values in the range of
[100, 2000] to be effective.

A.5.4 CORE CODE OF PG-DPO

In this section, we present the core implementation of the proposed PG-DPO method. This code can
be seamlessly integrated into any video generation pipeline, with the adaptive parameter adjustment
scheme detailed in the preceding discussion.

1 def dpo_loss_fn(model, model_ref, latents, target, t, beta, K1, K2):
2 """
3 Computes the PG-DPO loss.
4

5 Args:
6 - model: The policy model being trained.
7 - model_ref: The frozen reference model.
8 - latents: Batched inputs for both chosen and rejected samples.
9 - target: The ground truth noise for the chosen and rejected

samples.
10 - t: The current diffusion timestep.
11 - beta: The temperature parameter controlling the deviation from

the reference model.
12 - K1, K2: Sensitivity parameters for the adaptive weighting

functions.
13

14 Returns:
15 - loss: The final PG-DPO loss value.
16 """
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Figure 11: Comparison results with previous works on the Wanx2.1.

Figure 12: Comparison results with previous works on the Wanx2.1.

17 pred = model(latents, t)
18 ref_pred = model_ref(latents, t)
19

20 w_pred, l_pred = pred.chunk(2)
21 ref_w_pred, ref_l_pred = ref_pred.chunk(2)
22 reduce_dims = list(range(1, w_pred.ndim))
23

24 w_err = (w_pred - w_target).pow(2)
25 l_err = (l_pred - l_target).pow(2)
26 ref_w_err = (ref_w_pred - w_target).pow(2)
27 ref_l_err = (ref_l_pred - l_target).pow(2)
28

29 w_diff = w_err - ref_w_err
30 l_diff = l_err - ref_l_err
31

32 # Alpha: to down-weight the penalty on the rejected sample
33 alpha = torch.sigmoid(K1 * ((w_diff - l_diff) / (l_diff + 1e-6)))
34

35 # Gamma: to switch between DPO and regularization.
36 gamma = torch.sigmoid(-K2 * (w_diff - l_diff) / (l_diff + 1e-6)))
37

38 # Core DPO objective, modulated by alpha
39 inside_term = -0.5 * beta * (w_diff - l_diff * alpha)
40 loss_DPO = - torch.nn.functional.logsigmoid(inside_term).mean(dim=

reduce_dims)
41

42 # IPR term for stability
43 # Encourages the policy model to improve on chosen samples w.r.t

the reference
44 loss_IPR = ((w_pred - w_target) - (w_ref_pred - w_target)).pow(2).

mean(dim=reduce_dims)
45

46 # Final loss is a dynamic interpolation between DPO and IPR,
controlled by gamma

47 loss = gamma * loss_DPO + (1 - gamma) * loss_IPR
48

49 return loss
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A.6 MORE RESULTS

As demonstrated by the qualitative results in Fig. 10, Fig. 11, and Fig. 12, our method exhibits clear
advantages over previous works. Specifically, our approach excels at enhancing the visual texture
and aesthetic quality of the generated videos. Moreover, it effectively mitigates undesirable motion
artifacts and distortions, leading to more coherent and realistic movements. Finally, the alignment
between the video content and the text prompt is also substantially improved, demonstrating a more
robust semantic understanding.
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