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Abstract

Direct Preference Optimization (DPO) has recently been applied as a post-training
technique for text-to-video diffusion models. To obtain training data, annotators
are asked to provide preferences between two videos generated from independent
noise. However, this approach prohibits fine-grained comparisons, and we point
out that it biases the annotators towards low-motion clips as they often contain
fewer visual artifacts. In this work, we introduce DenseDPO, a method that
addresses these shortcomings by making three contributions. First, we create each
video pair for DPO by denoising corrupted copies of a ground truth video. This
results in aligned pairs with similar motion structures while differing in local details,
effectively neutralizing the motion bias. Second, we leverage the resulting temporal
alignment to label preferences on short segments rather than entire clips, yielding a
denser and more precise learning signal. With only one-third of the labeled data,
DenseDPO greatly improves motion generation over vanilla DPO, while matching
it in text alignment, visual quality, and temporal consistency. Finally, we show
that DenseDPO unlocks automatic preference annotation using off-the-shelf Vision
Language Models (VLMs): GPT accurately predicts segment-level preferences
similar to task-specifically fine-tuned video reward models, and DenseDPO trained
on these labels achieves performance close to using human labels. Additional
results are available at https://snap-research.github.io/DenseDPO/.

1 Introduction

Recent advances in diffusion models [23] have enabled high-quality text-guided video generation [2, 7,
24, 35, 58, 66, 71]. Despite tremendous progress, existing video generators still fall short on temporal
coherence, visual fidelity, and prompt alignment [89], impeding their industry-level applications.

Inspired by the success of learning from human feedback in language models [3, 52] and image
diffusion [5, 17, 70], recent works have explored preference alignment in video diffusion [40, 60, 87].
Among them, methods based on Direct Preference Optimization (DPO) [61] stand out as they
bypass the need for an explicit reward model [10, 47, 50, 65]. However, existing DPO methods
for video diffusion are largely adapted from their image-based counterparts, without addressing the
unique challenges inherent to video generation. Typically, these methods first generate videos from
independent noise maps, followed by human preference labeling to construct comparison pairs. Yet,
human preferences in video are influenced by multiple, sometimes inversely correlated, factors, such
as the visual quality (i.e., pixel-level fidelity) and the dynamic degree (i.e., strength of global motion).
Indeed, current video generation models excel at producing high-quality slow-motion videos, while
struggling to synthesize more challenging dynamic scenes [8]. As a result, when annotators are asked
to express preferences, they often favor artifact-free slow-motion clips. Applying DPO training on
such preference data further reinforces video generators’ bias toward slow-motion content, ultimately
suppressing the model’s ability to generate dynamic and motion-rich videos.
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“A young adult male doing a handstand on the beach”

“A woman doing push-up exercise on a beach at sunset”

“A monkey performs a jump on a skateboard at the skate park, landing smoothly”

“A panda breakdancing in a neon-lit urban alley”

Figure 1: Text-to-video results with our DenseDPO aligned model. Our method improves both
visual quality and temporal consistency of the model, enabling generation of challenging motion.

A natural approach to enhance competing factors, drawing inspiration from Pareto optimization,
is to fix some attributes within each video pair while varying others. Motivated by the guided
image synthesis approach in SDEdit [51], we generate a pair by introducing different partial noise
to a ground-truth video and perform denoising. The resulting videos in each pair share high-level
semantics and motion trajectories while differing in local visual details [8, 72], allowing us to reduce
spurious correlations. However, guided sampling inherently reduces the diversity across generated
video pairs, leading to degraded DPO performance [53, 63]. A straightforward solution might be to
annotate more data pairs. Instead, we propose extracting richer and more accurate supervision from
each video pair by collecting segment-level preference labels.

Prior works show that multi-dimensional scores are superior to a single label in preference align-
ment [42, 80, 93]. Unlike images, videos have a unique temporal dimension [78]. In practice, we
observe that human preferences over video pairs often vary across time, as artifacts may appear at
different timestamps in each video, leading to inconsistent preferences. This issue is more severe
with modern video generators as they produce longer videos. Therefore, we split videos into short
segments (e.g., 1s slices), and collect per-segment preference labels. Thanks to temporally aligned
videos from guided sampling, there is a clear one-to-one correspondence between segment pairs, sim-
plifying the annotation process. Segment feedback also reduces the amount of ties when both videos
contain artifacts, and provides more accurate supervision. In addition, it allows us to apply existing
vision-language models (VLMs) [1, 4] which can produce reliable judgment on short segments.

Our main contributions are threefold: (i) A DenseDPO framework tailored towards video generation,
with improved data construction and preference granularity over vanilla DPO; (ii) DenseDPO retains
the motion strength of the base model while matching other metrics of vanilla DPO, with significantly
higher data efficiency; (iii) We show that existing VLMs fail to label preference over long videos
(e.g., 5s), but they perform well in segment-level preference, achieving results close to human labels.

2 Related Work

Preference learning for image diffusion. Inspired by the success of human feedback learning in
language modeling [3, 52], similar approaches have been adapted to image generation. One major line
of work focuses on training reward models from human preference labels [33, 75, 76, 79, 93], these
models can be used as loss functions to optimize generators by direct gradient backpropagation [9, 13,
31, 59, 77, 79] or policy gradients [5, 17]. Another line of work utilizes predicted rewards on training
data to re-weight the diffusion loss [38], or trains only on high-scoring samples [14, 15, 39]. However,
all these methods require an explicitly trained reward model, and may suffer from the reward hacking
issue [13, 79]. In contrast, Diffusion-DPO [70] and D3PO [83] directly optimize the model on

2



pre-collected human preference pairs, bypassing the need for online reward feedback. Building on
this paradigm, subsequent works have explored improving comparison data pairs [28, 32, 88, 90],
better DPO objectives [29, 41, 73], and credit assignment over denoising timesteps [43, 94].

Preference learning for video diffusion. Early approaches to preference learning in video diffusion
directly borrow techniques from image diffusion, such as direct reward optimization [40, 56, 60, 68,
87] and training loss re-weighting [19]. However, they often rely on image reward models [33, 75] to
provide supervision. Recent papers thus focus on developing better video reward models [46, 47, 80].
One strategy aggregates multiple video quality assessment metrics [21, 30] to a �nal score [47, 91].
However, existing metrics are only effective for short videos [46, 80], limiting their applicability for
modern video generators that produce long videos [7, 71, 84]. To address this limitation, LiFT [74],
VisionReward [80], and VideoAlign [46] collect a large number of videos from advanced video
generators, label human feedback, and �ne-tune VLMs to predict preferences. With a powerful
video reward model, they apply weighted training [74] or DPO [46, 80] to improve video generation.
In contrast to prior works, we focus on DPO for video diffusion using direct human annotations,
i.e., without an explicit reward model. Analogous to the verbosity bias observed in language model
preference learning, where annotators favor longer outputs [64, 67], we identify a motion bias in
video preference labels, where slow-motion videos are often preferred. To mitigate this, we propose a
better data pair construction strategy to address this bias via guided video generation.

Rich feedback for alignment. While early preference alignment methods treated human feedback as
a single binary label, recent works begin to exploit rich, multi-dimensional feedback [42, 80, 92]. In
image generation, MPS [93] learns a reward model that evaluates images on four dimensions including
aesthetics, semantics, detail, and overall quality, improving its alignment with humans. On the other
hand, Liang et al.[42] curates a dataset that localizes regions of artifacts and misaligned words in
the text prompt, leading to better DPO performance. Multi-aspect feedback is even more critical
for video generation due to its inherently higher dimensionality. Recent works all explicitly model
dimensions such as visual �delity, text relevance, and motion consistency [46, 47, 80]. However, a
notable limitation is that they still aggregate feedback at the whole-video level, neglecting the �ne-
grained temporal dimension of preferences. In contrast, our DenseDPO partitions videos into short,
temporally aligned segments, and collects preferences for each segment. This is conceptually similar
to the sentence-level preference label used in language models [34, 86]. By localizing feedback to
brief windows, we obtain more accurate and denser supervision signals for DPO training.

3 Method

We build upon diffusion models and the standard Direct Preference Optimization (DPO) framework,
which we refer to as VanillaDPO (Sec. 3.1). We discuss the motion bias inherent in using this
naïve approach for video generation and introduce StructuralDPO, a method that optimizes human
preferences on structurally similar video pairs (Sec. 3.2). To address the reduction of diversity induced
from using structurally similar videos, we propose DenseDPO, which enables �ne-grained human
preference alignment along the temporal axis of videos (Sec. 3.3).

3.1 Background: Video Diffusion and DPO

Recti�ed-�ow diffusion models. Let x 2 R T �H�W denote a video sample of lengthT with spatial
dimensionsH � W . We follow the recti�ed �ow framework [44, 48], which learns a transport map
from the standard normal distribution� � N (0; I) to the distribution of real videosx � p datawith
a denoiser. The forward diffusion process produces a noisy inputx t at timet 2 [0; 1] via a linear
interpolation with noise� : x t = (1 � t)x 0 + t� . The denoiserG � (x t ; t; c) , implemented as a neural
network parameterized by �, is trained to reverse this process with the following objective:

min
�

Et�p(t);x�p data;��N (0;I) k(� � x) � G � (x t ; t; c)k 2; (1)

wherep(t) is the distribution of noise levels (following [16], we adopt the logit-normal one) andc
refers to the auxiliary conditioning variable such as text embeddings.

VanillaDPO. In the direct preference optimization framework [61, 70], a generative model is trained
to align its outputs with human preferences. Typically, these preferences are de�ned by a dataset
D = f(c; x 0; x 1; l)g, where each sample consists of two videosfx 0; x 1g per input conditionc and
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Figure 2: Comparison between VanillaDPO (top) and DenseDPO (bottom). VanillaDPO compares
two videos generated from independent random noises and only assigns a single binary preference,
biasing the annotators toward slow-motion videos. In contrast, DenseDPO generates structurally
similar videos from partially noised real videos, and label segment-level dense preferences.

their preference label l 2 f�1; +1g. The preference function is de�ned as:

l(x 0; x 1) =
�

+1; if x 0 � x 1 (i.e., x0 is preferred over x1)
�1; if x 1 � x 0 (i.e., x1 is preferred over x0)

(2)

The Bradley-Terry (BT) model [6] de�nes pairwise preference using a reward functionr(x; c) which
computes the alignment score between the samplex and the input conditionc. The corresponding
probabilistic preference can be expressed as:

pBT(x 0 � x 1jc) = �(r(x 0; c) � r(x 1; c)); pBT(x 1 � x 0jc) = �(r(x 1; c) � r(x 0; c)); (3)

where �(�) is the sigmoid function.

Rafailov et al.[61] de�nes the binary preference optimization as explicitly optimizing the binary
reward objectivelog �(l(x 0; x 1) � (r(x 0; c) � r(x 1; c))) in conjunction with a Kullback-Leibler
(KL) divergence regularization to control the deviation from a reference model. Wallace et al.[70]
re-formulated the preference optimization framework for diffusion models assuming the presence of
a reference modelG ref, which is further extended to recti�ed �ow models in [46]. Given a sample
(c; x 0; x 1; l), the denoiser G� , and the reference model Gref, we can de�ne an implicit reward as:

s(x � ; c; t; �) = k(� � � x � ) � G � (x �
t ; t; c)k 2

2 � k(� � � x � ) � G ref(x �
t ; t; c)k 2

2; (4)

wherex �
t = (1 � t)x � + t� � ; � � � N (0; I) is a noisy latent for inputx � (eitherx 0 or x 1) at timet.

With the implicit reward function, the VanillaDPO objective is de�ned as follows:

L(�) = �E (c;x 0 ;x 1 ;l)�D;
t�p(t); ��N (0;I)

�
log �

�
�� � l(x 0; x 1) �

�
s(x 0; c; t; �) � s(x 1; c; t; �)

���
: (5)

3.2 StructuralDPO: Preference Learning over Structurally Similar Videos

Motion bias in VanillaDPO. In the standard VanillaDPO pipeline, preference pairs are created by
independently sampling two videos(x 0; x 1) from different noise seeds under the same conditioning
c (see Algo. 1), followed by human preference annotation. While this approach works reasonably
well for images, its direct extension to videos introduces new issues due to the presence of the new
temporal dimension. Independent noises often result in videos with signi�cantly different motion
patterns and global layouts (see Fig. 2 (a)). For example, in a typical preference pair, one video may
be nearly static but visually clean, while the other contains the desired motion but also introduces
artifacts, such as distorted limbs or �ickering.

4



Figure 3: Guided video generation with different� . Lower� means more guidance. We sample
one frame per video for visualization.� = 0:75 is enough to maintain the motion trajectory and
high-level semantics of the ground-truth video. For slow-motion videos (top), a high� suf�ces to
generate artifact-free videos, while videos with challenging motion (bottom) require more guidance.

We empirically observe that this is a common bias in generated video data. Indeed, video models
often excel at producing high-quality slow-motion clips, while dynamic videos usually contain visible
artifacts [8, 89]. Since humans typically perceive clean static videos as more realistic than artifact-
prone dynamic ones, this often leads to a preference dataset that systematically over-represents static
content. Consequently, a model trained with DPO on this dataset would produce videos with reduced
motion. In our preliminary DPO experiments, we observed a substantial drop in dynamic degree
using our base model (see Tab. 1 and Tab. 2). The same issue has also been observed in prior works,
e.g., Tab.10 of [80] using CogVideoX [84] and Tab. 2 of [47] using VideoCrafter-v2 [11].

StructuralDPO. To address the static bias in VanillaDPO, we propose StructuralDPO, which
modi�es the data curation strategy using guided generation [51] to obtain pairs of videos with
similar motion trajectories. Speci�cally, in VanillaDPO, we start from independent noise, i.e.,
x 0

N � N (0; I); x 1
N � N (0; I) and then denoise from stepN till step 1. Instead, we propose to de-

noise from a partially noised real video to generate video pairs. Concretely, given a ground truth video
x and the guidance level� 2 [0; 1] , we obtain the corrupted noisy video at stepn = round(� � N) as:

x 0
n = (1 � �)x + �� 0; x 1

n = (1 � �)x + �� 1; where �0; � 1 � N (0; I): (6)

The corrupted videos are then denoised from stepn to 1, as outlined in Algo. 2. Here,� governs
the structural similarity between the two samples. Since early diffusion steps control the global
motion [8], this approach preserves the overall dynamics while allowing variations in local details.
We compare videos of varying motion strengths generated with different � in Fig. 3.

StructuralDPO applies the standard DPO formulation (Eq. (5)) on this structurally consistent dataset,
which helps to focus the preference on the temporal artifacts and visual inconsistencies, anchoring
other dimensions like dynamic degree. Additionally, guided sampling simpli�es the generation task,
allowing the model to produce artifact-free highly dynamic videos more reliably. Finally, guided
sampling reduces data construction costs as it requires fewer sampling steps.

Algorithm 1 Vanilla Paired Video Generation

Input: DenoiserG � , Input Conditionc, Infer-
ence Steps N
Init: � t = 1

N
Init: x 0

N � N (0; I)
Init: x 1

N � N (0; I)
for i = N to 1 do

t = i
N

x 0
i�1 = x 0

i + G � (x 0
i ; t; c) � � t

x 1
i�1 = x 1

i + G � (x 1
i ; t; c) � � t

end for
return Video Pair (x0

0; x 1
0)

Algorithm 2 Guided Paired Video Generation

Input: DenoiserG � , Input Conditionc, Inference
StepsN , Real Videox , Guidance Level� 2 [0; 1]
Init: � t = 1

N , n = round(� � N)
Init: x 0

n = (1 � �)x + �� 0; � 0 � N (0; I)
Init: x 1

n = (1 � �)x + �� 1; � 1 � N (0; I)
for i = n to 1 do

t = i
N

x 0
i�1 = x 0

i + G � (x 0
i ; t; c) � � t

x 1
i�1 = x 1

i + G � (x 1
i ; t; c) � � t

end for
return Video Pair (x0

0; x 1
0)

5


