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DynamicsBoost performs annotation-free preference alignment via video continuation, automatically producing structurally

matched preference pairs and yielding video results with more faithful dynamics and stronger semantic consistency.

Abstract

Despite significant progress in text-to-video generation,
current models still suffer from unrealistic dynamics, tem-
poral inconsistency, and unstable semantic alignment. Ex-
isting preference alignment approaches rely on costly and
often ambiguous human or VLM-based video preference an-
notation, which has become a major bottleneck for scaling
data. To address this challenge, we propose an annotation-
free preference alignment method that constructs accurate
preference pairs through video continuation. We extend
a pretrained video generation model into a continuation
model and apply continuation with different amounts of ref-
erence frames while keeping the total video length fixed.
As generated segments are inferior to ground-truth frames
and and fixed-length continuations conditioned on more
reference frames contain less generated content, they ex-

Corresponding authors.

hibit higher fidelity than those with fewer references, nat-
urally inducing a preference order. We further introduce
Asymmetrical DPO, which computes preference loss on all
continuation regions except the shared prefix conditioning
frames and normalizes it by their length, preventing spu-
rious preference signals from leaking into the conditioned
portion. Experiments across multiple benchmarks show that
our method delivers significant improvements in dynamics
realism, temporal coherence, and semantic alignment over
existing DPO-based approaches, while fully eliminating the
need for human preference labeling or auxiliary reward
models.

1. Introduction

Recent advances in diffusion models have led to remark-
able progress in text-to-video (T2V) generation, enabling
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models to synthesize videos with high-fidelity visual quality
and basic spatiotemporal coherence [3, 4, 13, 30, 37]. De-
spite these achievements, current T2V models still exhibit
notable limitations, including unrealistic dynamics, tempo-
ral inconsistency, and unstable semantic alignment. These
drawbacks hinder the ability of modern video generative
models to serve as true world-model-level systems capable
of reliable temporal reasoning and prediction.

To address these limitations, recent research has be-
gun exploring preference alignment for text-to-video gen-
eration. Existing approaches follow two paradigms inher-
ited from language and image alignment: enhancing video
quality through reinforcement learning methods that lever-
age reward models/functions. [4, 19, 35], or applying di-
rect preference optimization (DPO) with positive—negative
video pairs [33]. Despite their differences, both approaches
fundamentally rely on labeled preference data: The for-
mer often requires collecting large-scale ranked video pairs
for training reward models, while DPO avoids explicit RM
training but still generates video pairs and requires human
or Vision-Language-Model (VLM) preference judgment to
decide which one is preferred. Unlike images, video prefer-
ence annotation is costly and ambiguous: annotators must
jointly evaluate visual fidelity, temporal consistency, mo-
tion dynamics, and semantic alignment, and preferences
may vary across timestamps. Consequently, neither human
annotators nor VLMs can generate accurate and consistent
video preference labeling. The high cost and low efficiency
of obtaining preference data have become one of the major
bottlenecks in video preference alignment.

In our experiments, we observe that the data from video
continuation task naturally exhibits a ordered structure un-
der high structural consistency (Fig. 4). This inherent or-
dering provides an effective solution to this challenge and
makes it possible to generate stable and fully automated
preference data at scale.

Specifically, we first extend a pretrained video genera-
tion model into a latent-space continuation model capable
of handling arbitrary continuation lengths. For a reference
video of N frames, we extract the first /N7 frames and ap-
ply video continuation to synthesize the remaining N — N
frames, forming a new N-frame video. Similarly, we con-
struct another continuation result using the first Ny frames,
where Ny > Nj. Generated video segments are gener-
ally inferior to their ground-truth counterparts in dynamic
videos. Since the first continuation contains a longer gen-
erated portion and less ground-truth conditioning than the
second, we therefore infer first continuation is inferior to
the second. We formally justify this assumption in Sec. 4.3.
Then, a natural, structurally consistent preference ordering
emerges without requiring any human judgment or exter-
nal scoring, enabling scalable and annotation-free prefer-
ence construction.

Building on these automatically constructed preference
data, we introduce Asymmetrical DPO to ensure that pref-
erence signals act only on the generated regions rather than
the shared conditioning frames. Unlike standard methods
that apply preference loss over the entire video, we com-
pute the DPO loss solely on the non-shared continuation re-
gions where the two continuations differ. To avoid gradient
instability caused by the varying length of these asymmet-
ric regions across training steps, we further normalize the
loss by the number of continuation frames. This asymmet-
rical design concentrates alignment signals precisely where
preference differences arise, enabling effective preference
learning without human annotations or reward models.

We validate our approach on multiple video generation
benchmarks. Our method consistently achieves better mo-
tion realism, temporal coherence, and text alignment com-
pared to prior DPO-based methods, without sacrificing vi-
sual quality. Ablation studies further show that contin-
uation—based preference ordering strongly correlates with
VLM-judged preference signals, confirming that continua-
tion length is an effective supervision-free preference cue.

2. Related Work
2.1. Text-to-Video Generation

Text-to-video (T2V) generation aims to synthesize visually
plausible and semantically aligned videos from textual de-
scriptions. Early diffusion-based T2V models are built upon
U-Net architectures [9, 11], where temporal modules such
as 3D convolutions or temporal attention are inserted into
2D image-generation pipelines to capture motion dynam-
ics [2, 5, 7]. Recent Diffusion Transformer (DiT) architec-
tures [14, 24] replace U-Net convolutional backbones with
fully Transformer-based designs, allowing stronger model-
ing of long-range spatial-temporal dependencies and better
scalability. When scaled to massive video datasets [23, 31],
DiT-based models such as Wan[30], Sora [3], SkyReels [4],
CogVideoX [37], and HunyuanVideo [13] achieve substan-
tial improvements in temporal coherence, motion fidelity,
and scene consistency, pushing video generation towards
world-model-style learning.

However, scaling alone does not guarantee controllabil-
ity or alignment with user intent: large T2V models often
fail to follow fine-grained semantic or aesthetic constraints,
especially when user expectations diverge from the pretrain-
ing data distribution. To bridge this gap, recent work ex-
plores post-training strategies, including parameter-efficient
fine-tuning (PEFT) [6, 10, 16], data-centric enhancement
[8], and human preference alignment [20, 25, 33, 38], which
rely on external supervision from human annotations or
Vision-Language-Model (VLM) scoring. These approaches
typically offer performance gains, yet require curated pref-
erence data that is expensive to obtain and inherently limited

20025



in scale. In contrast, our method constructs preference pairs
automatically via video continuation, enabling large-scale
preference data expansion at minimal cost while delivering
stronger performance improvement.

2.2. Preference Alignment for Video Generation

Recent work explores transferring the RLHF paradigm [26—
28] to video generation [19, 20, 33, 35]. One line of
approaches trains an explicit video reward model (RM),
where models such as LiFT [32], VisionReward [34], and
VideoAlign [19] collect large-scale video datasets and re-
quire expensive human preference annotations to fine-tune
video-language models (VLMs) such that they can serve as
video reward predictors. PISA [15] further designs proxy
rewards using depth and optical flow for constrained phys-
ical scenarios. These RMs then provide preference feed-
back to guide alignment. Another line of work adopts Direct
Preference Optimization (DPO), which avoids explicit RM
training but still requires large amounts of pairwise prefer-
ence data. In practice, constructing such win—loss pairs is
costly and difficult: data must either be manually filtered
[33] or labeled by pretrained VLMs acting as proxy annota-
tors [19, 20, 32]. In contrast, we exploit the inherent ordered
structure embedded in video continuation data to optimize
pretrained video models. By leveraging the monotonic re-
lationship between continuation length and video quality,
we construct structurally matched preference pairs automat-
ically and redesign the DPO objective into an Asymmet-
rical DPO formulation tailored to continuation properties.
This yields stable, annotation-free preference supervision
and enables high-quality post-training improvements.

3. Method

We aim to achieve scalable, annotation-free preference
alignment for video generation. The key idea is to treat
continuation as a natural source of preference: continuation
videos with shorter generated segments are preferable to
those with longer generated segments. We extend any pre-
trained text-to-video model into a latent continuation model
to automatically construct preference pairs (Sec 3.2), and
apply Asymmetrical DPO to align the model by optimizing
only the continuation region (Sec 3.3). This yields efficient
and targeted preference alignment without human annota-
tions or reward models. The overall framework of Dynam-
icBuff is illustrated in Figure 2.

3.1. Preliminaries

Flow Matching Models. Flow matching [17, 21] formu-
lates generation as learning a velocity field that transports
noise samples to data samples. Given a data sample zy ~
Xy and a Gaussian noise sample 1 ~ X7, an intermediate
state x; is defined by linear interpolation. A neural network
vg(x¢, t) predicts the velocity that moves z; along the path

toward the data sample. The training objective minimizes
the difference between the predicted and target velocity:

Lem(0) = Ey w2 [Jva(ze,t) — (21 —20)[3]. (D)

By integrating the learned velocity field, the model gener-
ates samples by transporting noise to data, enabling efficient
and stable training for modern image and video generative
models.

Diffusion-DPO and Flow-DPO. Direct Preference Opti-
mization (DPO) can be applied to diffusion models by com-
paring the noise—prediction errors of a winning sample x"
and a losing sample z!. Diffusion-DPO [29] optimizes the
model such that the preferred sample yields a smaller pre-
diction error. The loss is defined as:

Lpittusion-bpo = — log o (—g Ags) , 2

where o(+) is the sigmoid function, 3 is the DPO tempera-
ture that controls alignment strength, and A&, denotes the
difference in noise-prediction errors between winning and
losing samples.

In rectified-flow models, the network predicts velocity
instead of noise. Using the deterministic equivalence |le —
go(xe, t)||* = (1 —t)?||v — va (x4, t)||?, Diffusion-DPO can
be rewritten in velocity space, yielding Flow-DPO [18]:

B —1)?

> A&;) N €)

Lriowppo = —logo <—
where A&, is the velocity-prediction error difference. Thus,
Flow-DPO is a mathematically equivalent formulation of
Diffusion-DPO under the rectified-flow parameterization.

3.2. Continuation-Based Preference Pair

We construct preference data pairs through video continu-
ation. For brevity, the following definitions operate in the
video latent space by default. Given a ground-truth ref-
erence video z"¢f € RNXHXWXC with its correspond-
ing text prompt, the video continuation task is formulated
as a multi-frame conditioned video generation task, where
the first N frames z¢0"d ¢ RN *XHXWXC gorve as condi-
tioning frames, and the remaining N — N; frames 29" €
RWV=N1)XHXWXC gerve as target generated frames. By
concatenating z and 29°" along the frame dimension,
we obtain a new video of N frames, which we call the /V; -
frame continuation of z"¢f. For a continuation result of a
dynamic video, the generated portion is always inferior to
its reference counterpart. Therefore, for another Na-frame
continuation of z"¢f where Ny > Nj, since its generated
portion is shorter than that of the N;-frame continuation,
we can infer that its overall quality is better than the N;-
frame continuation. In this way, we can construct accurate
preference data pairs without human annotation.

cond
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Figure 2. Overview of the DynamicsBoost pipeline. We extend a pretrained video generator into a continuation-based preference
model (a), then sample continuation pair of different lengths and optimize them with Asymmetrical DPO (b). This pipeline automatically
constructs high-quality, scalable and structurally aligned ordered data and yields video generations with improved fidelity and dynamic

plausibility.

We extend the pretrained text-to-video model to support
arbitrary-frame continuation by enabling per-frame con-
ditioning through masked timesteps and frame-level task
prompts. Given a video latent sequence z, € RV *XHXWxC|
we sample noise z; ~ N (0, ) and a timestep ¢ ~ U(0,1).
We draw a binary mask M € {0,1}" over the frame di-
mension, where M; = 1 denotes a conditioned frame and
M; = 0 denotes a target frame.

Timestep masking is first applied, where conditioned
frames receive a zero timestep and target frames retain the
sampled noise level,

t'=t-(1-M), ()

Based on the masked timestep, non-uniform noising is
then applied to construct the model input,

zp=(1—t")z20+t'21. (1)

Next, we inject learnable frame-level task prompts,
which encode whether each frame is conditioned or to be
generated. Let Peong and Ppisy denote trainable embeddings
for conditioned and target frames, respectively. The frame-
aligned prompt sequence is:

Pask = M © Peong + (1 - M) © Pnoisy7 3)

The task-prompt embeddings are then concatenated with
the context embeddings to form the final input sequence.

The flow model vg takes (z7,t’, Pask) and predicts the
rectified-flow velocity ve (21, ', Pask)- Supervision is com-
puted only on target frames to avoid degrading conditioned
content:

£ = E[l1-M)6((21-20)~va(z}, ¢/, Pus) ] &)

We optimize only the LoRA adapters and the task
prompt embeddings while freezing the pretrained back-
bone:

{HEORA7 PcT)ndv Pn*oisy} = argmin L. ®))

GLORA) Pconda Pnoisy

After training, the model supports arbitrary-length con-
tinuation from the reference video. Sampling continuation
results with different lengths naturally yields a preference
pair, turning the continuation model into a preference data
generator and enabling scalable, annotation-free supervi-
sion.

3.3. Asymmetrical DPO

To leverage the inherent preference signal introduced by la-
tent continuation, we propose Asymmetrical DPO for pref-
erence alignment on continuation outputs. Instead of com-
paring two entire generated videos as in standard DPO,
we exploit the fact that our continuation model can pro-
duce videos with different continuation lengths. For a given
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conditioning video, we randomly sample two continuation
lengths N1 < N, and generate an Ni-frame continuation
losing data sample z}, and an N-frame continuation win-
ning data sample zy’.

The two sequences can be partitioned into three con-
trastive regions: (1) Shared prefix (0 to N7), where both
samples contain identical ground-truth frames; (2) Asym-
metric region (N7 to N3), where the winning sample uses
ground-truth frames while the losing sample uses model-
generated ones; and (3) Fully generated region (N3 to N),
where both samples consist solely of model outputs.

Unlike standard Diffusion/Flow-DPO, which accumu-
lates preference loss over the entire video, we constrain
preference supervision to the continuation region only (i.e.,
Regions (2)—(3)). The resulting asymmetrical Flow-DPO
objective is defined as:

1
N — min(Nl, N2)

logo( —ﬂ~A5), @

»CAsymDPO = -

where o(-) is the sigmoid, 8 is the DPO temperature, and
A& accumulates error differences only over continuation
frames:

N

AE= >

i:min(Nl,Ng)

(Ilvi* —ve (wits, ) 1> [lvi—ve (x} 5, £)|*).

&)
Here, v, v! denote target velocity fields (or noise) of win-
ning and losing continuations, while vy is the predicted ve-
locity. The normalization factor in Eq. 4 ensures that differ-
ent continuation lengths remain comparable and prevents
gradient imbalance during training.

This asymmetrical formulation focuses preference learn-
ing strictly on the frames where the model generates new
content, avoiding gradient dilution caused by shared condi-
tioning frames. Moreover, the preference ordering emerges
automatically from continuation length, requiring neither
human annotations nor reward models. Asymmetrical DPO
is fully compatible with Flow-DPO and introduces no addi-
tional training cost or architectural modifications.

4. Experiments

4.1. Experiment Setup

Implementation Details. We build our pipeline on a DiT-
based latent flow text-to-video model[30]. We curate 100K
dynamic, high-quality videos from OpenVid [23]: 80K are
used for continuation training and 20K serve as condition-
ing inputs for alignment. Videos are standardized to 49
frames at a resolution of 288 x 512. For continuation train-
ing, we use LoRA with rank 196 and o = 196, a learn-
ing rate of 8 x 102, a batch size of 16, and train for 20K
steps. For alignment, we first apply a LoRA-based SFT

cold start[1], using the 20K conditioning videos as super-
vision targets. Training is performed with a learning rate of
1 x 1072, batch size 32, and LoRA rank 128 for 0.6 epoch.
We then perform Asymmetric DPO, continuing from the
same LoRA weights, with a learning rate of 5 x 109, batch
size 32, LoRA rank 128, and 5 = 800 for 1 epoch. Positive
samples condition on the first 80-100% of video frames,
while negative samples condition on the the latent prefix
from the first frame up to 60%. Prefix lengths are randomly
sampled from these ranges at each training step. All exper-
iments are conducted on eight NVIDIA A800 GPUs.
Evaluation Settings. We evaluate our model using eva-
lution datasets from three major benchmarks for a com-
prehensive assessment. (1) VBench [12] and VideoGen-
Eval [36] are general-purpose benchmarks that measure
overall video generation quality, including fidelity and se-
mantic correctness. We adopt the subsets released by
VideoAlign [19], containing 946 and 400 prompts respec-
tively, to assess general video generation capability. (2)
PhysGenBench [22] is designed to evaluate motion ratio-
nality and physical coherence in generated videos. We use
all 160 prompts in this benchmark to assess whether our
continuation-pair strategy enhances dynamic consistency
and motion quality. For evaluation metrics, we follow the
VBench evaluation protocol, which jointly assesses video
quality, motion quality, and semantic consistency.

4.2. Comparison

We set the pretrained model, SFT, Flow-DPO [19], Flow-
StructuralDPO [33], and Flow-DenseDPO [33] as our base-
lines. Starting from the pretrained model, we perform su-
pervised fine-tuning on 20k conditional video generation
samples for 1.5 epochs to obtain the SFT model. Since
Flow-StructuralDPO and Flow-DenseDPO do not provide
official implementations, we re-implement them strictly
based on the procedures and pseudocode described in the
original papers. For Flow-Structural DPO, we apply Guided
Paired Video Generation during the sampling stage of Flow-
DPO. For Flow-DenseDPO, each generated video is evenly
divided into five short segments, and each segment is in-
dependently scored by a VLM to obtain dense preference
signals. To ensure fair comparison, all DPO-based meth-
ods are initialized with the same SFT cold start used in our
pipeline, and all of them employ VideoReward [19] as the
reward model.

Table 1 and Table 2 present the quantitative results on
VBench, VideoGen-Eval, and PhysGenBench. We observe
that applying SFT on the pretrained model with a small-
scale dataset leads to slight performance degradation on
certain metrics, while DPO-based optimization quickly re-
stores and further improves these metrics. Our method
achieves notable gains in video dynamics, visual quality,
and semantic alignment, obtaining the best performance
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Figure 3. Qualitative comparison with baselines. Our method produces results that are more semantically consistent and dynamically

coherent compared to other approaches.

Table 1. Quantitative comparison with baselines on VBench. Best in bold; second best underlined.

Method Aesthetic  Imaging Background Motion Dynamic Overall
Quality T Quality T Consistency T Smoothness T Degree 1 Consistency 1
Pretrain 55.51 65.12 96.71 98.81 34.72 24.48
SFT 55.80 64.52 96.85 96.84 34.15 24.02
Flow-DPO 59.14 63.31 98.15 97.36 31.22 25.22
Flow-StructuralDPO 58.08 65.06 97.02 96.15 35.25 24.18
Flow-DenseDPO 58.95 67.91 97.11 98.16 40.10 25.02
Ours 59.92 66.81 97.53 99.21 44.92 25.64

across most metrics. Figure 3 further supports these find-
ings. In the left example, only our method and Flow-DPO
successfully generate characters consistent with the text
prompt. In the right example, other baselines exhibit physi-
cally implausible motion during the pouring process: Struc-
tural DPO shows reversed water flow, while Dense DPO
produces water leaking from the cup bottom. In contrast,
our approach maintains both dynamic and physical consis-
tency throughout the sequence.

4.3. Analysis and Ablation

Are Continuation Pairs Effective Preference Data? We
use our continuation model and perform conditional con-
tinuation on our original DPO training data, generating 49-
frame videos with 13 latent frames. We vary the number of
provided latent reference frames Neong in {0, 1,2,4,8,13}.
The setting N¢ong = 0 corresponds to text-to-video genera-
tion, while Nyong = 13 uses the full ground-truth reference.
We randomly sample 100 videos from the dataset and eval-
uate them on VBench and VideoReward.

The upper part of Table 3 presents our results. Except for
the pure T2V setting, all continuation configurations exhibit

a consistent trend—providing more reference frames leads
to higher VBench and VideoReward scores. This demon-
strates that partial video context effectively enhances visual
fidelity, motion stability, and semantic coherence. Such a
monotonic improvement indicates that continuation pairs
inherently satisfy the preference assumption, where contin-
uations with more reference frames are consistently favored
over those with fewer ones, validating them as reliable pref-
erence data for DPO supervision. Figure 4 further visual-
izes this behavior: except for the case without reference
frames (i.e., pure T2V), the generated videos largely pre-
serve structural and semantic consistency with the ground
truth. When the number of reference frames is small, the
videos exhibit lower visual quality and dynamic rational-
ity. As the number of continuation frames increases, these
aspects gradually improve, resulting in more stable and vi-
sually consistent outputs.

Effect of Reference Frame Length on DPO Training. To
analyze how reference-frame length affects DPO training,
we vary the continuation lengths for the negative sample
(V1) and the positive sample (/V3), while keeping the total
latent length fixed at N. We evaluate five configurations
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Table 2. Quantitative comparison with baselines on PhysGenBench and VideoGen-Eval. Best in bold; second best underlined.

Model PhysGenBench ‘ VideoGen-Eval
Aesth. Imag. Backgr. Mot. Dyn. Overall | Aesth. Imag. Backgr. Mot. Dyn.  Overall
Qual.  Qual. Cons. Smooth.  Deg. Cons. Qual.  Qual. Cons. Smooth.  Deg. Cons.
Pretrain 42.86 49.58  94.78 98.49 39.37  22.05 5294 6178 9534 98.54 5225 22.62
SFT 43.62 5227  95.06 98.96  35.62 22.39 5528 63.67 94.60 98.96 4725 23.68
Flow-DPO 46.21 52.62 97.11 98.91 4345  23.03 5620 6624  97.23 98.46 4945 24.12
Flow-StructuralDPO ~ 45.38  53.98  95.88 98.40 4337  22.87 5728 6391 95.60 98.62  46.50 2391
Flow-DenseDPO 46.44 5295 95.23 99.20 4531 22.58 56.12 6239 9595 98.93 4375  23.20
Ours 48.21 55.14  96.85 9944 4432  23.68 5941 6423  96.49 99.38 5631 25.12
Table 3. Ablation study on the Continuation Process. Best results are in bold, second best are underlined.
Ablation Setting | VBench Metrics (1) | VideoReward Metrics ()
Aesthetic  Imaging Background Motion Dynamic Overall vQ MQ TA
Quality Quality Consistency Smoothness  Degree  Consistency
Conditioning/Total Frame Length
0/13 (T2V) 44.83 66.94 94.24 98.88 43.97 21.93 -0.868 -0.571  -0.323
/13 36.10 40.41 90.67 98.64 38.96 20.94 -1.220 -0.872 -0.376
2/13 37.04 42.52 91.34 98.71 53.01 21.84 -1.187 -0.925 -0.393
4/13 43.81 57.98 92.36 98.69 48.98 21.97 -0.902 -0.787 -0.353
8/13 45.34 60.51 93.72 99.04 39.96 22.19 -0.871 -0.599 -0.357
13/13 (GT) 46.64 63.09 94.42 99.94 57.03 21.91 -0.859 -0.495 -0.343
Continuation Model Design (using 4/13 conditioning frames)
Full setting (4/13) 43.81 57.98 92.36 98.69 48.98 21.97 -0.902 -0.787 -0.353
w/o continuation prompt (4/13) 40.21 51.23 91.23 98.26 51.36 21.43 -1.002 -0.829 -0.364
w/o timestep mask (4/13) 39.86 49.29 92.11 98.75 44.17 21.28 -1.015 -0.901 -0.397

covering both randomized and fixed continuation strate-
gies: (1) Ny € [0, 0.6N], N € [0.8N, N]; (2) N; €
[1, 0.6N], Ny € [0.8N, N]; (3) Ny =0, N2 = N; (4
Ny =1, Ny = N; (5 Ny € [1,0.6N], Ny = N. These
configurations allow us to isolate how the continuation-
length gap between negative and positive samples influ-
ences preference learning. Results are presented in the up-
per part of Table 4.

Across the five continuation strategies, we observe two
key trends. First, comparing Setting 1 vs. 2 and Setting 3
vs. 4 shows that using pure T2V samples (ny = 0) as neg-
ative examples brings only minor gains. This is consis-
tent with our findings in Table 3: T2V outputs differ sig-
nificantly in structure from continuation samples, produc-
ing weak preference signals and thus insufficient gradient
guidance for DPO. Second, comparing Setting 2, Setting 4,
and Setting 5 reveals that fixing the continuation length—
especially for the negative sample—harms model general-
ization. In contrast, our bidirectional random continuation
strategy (Setting 2), which samples both N7 and N» from
ranges, consistently achieves the best performance. These
results indicate that diverse continuation-length gaps yield
more informative preference supervision and are crucial for
stable DPO optimization.

Ablation of Asymmetrical DPO. In this section, we per-
form an ablation on the effective comparison range used

in our asymmetrical DPO loss. For a reference video of
N frames and a corresponding data pair with a N;-frame
continuation negative sample and a Ny-frame continuation
positive sample, we follow the partitioning in Sec. 3.3 and
divide the sequences into three regions: (1) Shared prefix
(0 to N1); (2) Asymmetric region (N7 to Ns); and (3) Fully
generated region (N2 to N). We compare three loss con-
figurations: computing DPO only on Region (3), on Re-
gions (2)—(3), and on all Regions (1)—(3), the last of which
reduces to the standard DPO formulation. The quantitative
results are reported in Table 4.

The results show that computing the DPO loss on Re-
gions (2)—(3) yields the best performance across all VBench
metrics, followed by applying the loss only on Region (3).
In contrast, including Region (1) consistently leads to de-
graded results. This suggests that enforcing preference
learning on segments where the two videos are identical
may introduce noisy or uninformative gradients, while re-
stricting optimization to segments where the positive and
negative samples diverge provides cleaner and more effec-
tive supervision.

Ablation on Continuation Model Design. We conduct
an ablation study on the continuation model design, com-
paring the full configuration with variants that remove the
learnable continuation task prompt or omit timestep mask-
ing. With a total latent length of 13 frames, all experiments
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Figure 4. Continuation results under different numbers of reference frames (indicated at the top-left of each example).

Frame 1 ) Frame 15 Frame 30 Frame 45

slowly

“ The dominoes started to fall one after another- ”

Non-
zero reference settings produce continuations that better preserve structural consistency with the original video, and quality improves
monotonically as the number of reference frames increases—approaching the ground truth when all frames are used. In contrast, the pure
T2V setting exhibits significant structural deviation, breaking this monotonic relationship.

Table 4. Ablation study on the Asymmetrical DPO Process. Best results are shown in bold, and the second best are underlined.

Ablation Settin Aesthetic  Imaging  Background Motion Dynamic Overall
g Quality Quality Consistency ~ Smoothness Degree Consistency
Continuation Sampling Strategy
N; € [0, 0.6N], N2 € [0.8N, N] 59.30 66.61 97.24 98.89 43.92 25.31
Ni € [1, 0.6N], N2 € [0.8N, N] 59.92 66.81 97.53 99.21 44.92 25.64
N1 =0, No=N 57.09 65.08 96.76 96.11 34.32 24.42
N1 =1, N =N 58.71 66.59 96.47 97.48 35.72 24.94
Ny € [1,0.6N], No = N 59.41 66.94 96.90 98.32 46.41 25.44
Loss Regions Used
Regions (1)—(3) 58.10 66.42 96.63 97.21 42.48 22.15
Regions (2)—(3) 59.92 66.81 97.53 99.21 44.92 25.64
Region (3) 59.31 66.23 97.71 98.63 38.21 24.10

fix the continuation length to 4 latent frames. The lower
part of Table 3 presents our results. Removing either com-
ponent consistently degrades performance, particularly in
motion smoothness and overall consistency, indicating that
both the learnable prompt and timestep masking are essen-
tial for effective continuation modeling.

5. Conclusion

In this work, we address the critical bottleneck of preference
data acquisition in video preference alignment by introduc-
ing an annotation-free method that automatically constructs
preference pairs through video continuation. Our key in-
sight is that video continuation naturally induces a pref-
erence ordering: for a fixed continuation length, continu-
ations conditioned on more reference frames contain less

generated content and therefore exhibit higher fidelity than
those conditioned on fewer references. This observation en-
ables scalable preference construction without human anno-
tation or reward models. We further propose Asymmetrical
DPO, which concentrates alignment signals on the continu-
ation region by applying preference loss only where contin-
uations differ. Extensive experiments demonstrate that our
method achieves superior motion realism, temporal coher-
ence, and text alignment compared to prior DPO-based ap-
proaches, validating the effectiveness of continuation-based
preference ordering as a supervision-free signal for video
alignment. Additional experimental results and discussion
will be provided in the supplementary material.
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