Align Video Diffusion Model with Online Video-Centric Preference Optimization
(Supplementary Materials)

We provide more details about our method, experiment, and
additional experiment results to facilitate a comprehensive
understanding of our work.

1. Pseudo Code of the OnlineVPO

The complete procedure of the proposed OnlineVPO is sum-
marized in Algorithm. 1. Practically, we convert the original
direct preference optimization (DPO) [8] objective to the
diffusion loss format following [11].

2. Extended Implementation Details

Training and Evaluation We implement OnlineVPO with
UNet-based VideoCrafter v2 [2] and DiT-based OpenSora
v1.2 [14] to demonstrate the performance of our approach
and also for the sake of comparison with existing methods.
Here, we provide more details about model training and
evaluation. By default, all experiments are conducted on a
machine with 8x NVIDIA L40 GPUs, with a total batch size
of 8 (1 per GPU). We specify the details of our training with
two base VDMS as follows:

VideoCrafter v2: We adopt the official implementation of
T2V generation' version. More specifically, we build upon
OnlineVPO on its T2V VideoCrafter v2 model that was
released on the HuggingFace”. During training, we use text
prompts from WebVid-10M [12] to generate online video
candidates. For each prompt, six 12-frame videos at 320 x
512 resolution are generated. We then rank these samples
using VideoScore’s temporal dimension prediction score
and select the best and worst candidates for training. The
AdamW with a learning rate of le-4. Following [7], we
utilize the LoRA [4] to achieve efficient fine-tuning, and
the LoRA rank is set to 16. We train VideoCrafter with
Online VPO for 4000 steps.

OpenSora v1.2: Our implementation is based on the official
Open-Sora release’. During training, we use text prompts
from WebVid-10M [1] to generate online video candidates

1https://qit%ub.com/A’LabeVC/VideoCrafter

https : / / huggingface . co / VideoCrafter /
VideoCrafter2/blob/main/model.ckpt

3https://github.com/hpcaitech/Open-Sora/tree/

opensora/vl.2/opensora

(note that we do not use the associated videos). For online
sample generation, we take the inherent rectified flow sched-
uler with 30 sampling steps, with a logit-normal sampling
method and a CFG scale of 4.0. For each prompt, six 34-
frame online samples at 240p with a respect ratio of 9:16
(i.e., height: width = 240 x 424) are generated. We then
rank these samples using VideoScore’s temporal dimension
prediction score and select the best and worst candidates
for training. The AdamW with a learning rate of 2e-6 is
used, and the warmup step is set to 500. To avoid gradient
explosion, we multiply the OnlineVPO loss by a grad scale
of 0.01. We train OpenSora with OnlineVPO for 5000 steps.

Evaluation Details We assess our method using VBench [5],
a comprehensive benchmark for video generation evaluation.
From its curated set of approximately 1,000 prompts, we
randomly select 100 prompts for efficient evaluation. We
evaluate performance across six key dimensions that align
well with human perception: dynamic degrees, subject con-
sistency, background consistency, aesthetic quality, image
quality, and motion smoothness. Furthermore, we compute
an overall quality score following VBench’s standard proto-
col* to provide a comprehensive performance summary.

User Study To evaluate the subjective quality of gener-
ated videos, we employ a two-alternative forced choice
(2AFC) test comparing outputs from different video dif-
fusion models (VDMs). We curate 100 commonly used
prompts from existing literature. Then, for each model to
be evaluated M = {my, ma,...,my}, we generate three
candidate videos per prompt {p1, p2, ps|m; }. During eval-
uation, we randomly select two models m; and m; for a
given prompt. Then, the comparison videos py,; and py,,
are randomly sampled from their corresponding candidate
set. After that, the participants are presented with this pair
and asked to select the superior video (no tie choice) based
on three criteria: (1) more natural motion, (2) more aesthetic
appearance, and (3) better alignment with the prompt.

4https://github.com/Vchitect /VBench?tab=readme-

ov-file#how-to-calculate-total-score
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Algorithm 1: Online Video Preference Optimization (OnlineVPO)

Input: Prompt set M = {zo,- - -
sample candidate number N
Output: Preference-aligned video diffusion model 7* (-)

, Tn }, video diffusion model 7y, video reward model r(-), curriculum update interval K, online

1 step <0

2 for x; in M do

3 /I Online Preference Sample Generation

4 V + {v1,v2, -+ ,un} ~ mo(xs)

5 S« {s1,82," - ,sn | s =7r(vs)}

6 (v, v") = (vi,v;), where i = argmax s;,j = argmin s;
K3

J

N

/I Noise and Timestep Sampling

8 €, e e~ N(0,I),t ~U(0,T)
9 yi’ < AddNoise(v®”, €”)

10 yi + AddNoise(v', €")

11 // OnlineVPO Loss Calculation

12

Lonlinevpo = —E[loga(ﬂlog(ﬂew - ﬂe(yé‘ﬁcvut)llg —le” - Wref(yﬁxiﬁ)”g)
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13 // Model Update

14 o < Mo + V iy LOnlineVPO

15 step < step + 1

16 /I Curriculum Update Reference

17 if (step mod K') = 0 then

18 L Trref <— To

3. Extended Results The optimal performance is observed with an update interval

3.1. More Ablation Study

We present more ablation studies to facilitate a more com-
prehensive understanding of our method.

Number of candidates N. OnlineVPO generates multiple
video candidates and exploits the video reward model to de-
termine the preference pair in an online manner. We analyze
the impact of varying the number of video candidates IV in
Tab.1(a). It can be seen that increasing the number of video
candidates leads to better performance. Generally, more
video candidates can result in more diverse data samples,
facilitating more robust and effective preference sample se-
lection. However, performance gains tend to diminish once
the number of candidates reaches 6 or more. Therefore, we
opt to set the number of video candidates at 6 for our study.

Number of Curriculum Interval K OnlineVPO employs
a curriculum-based approach to iteratively update the ref-
erence model, enhancing the efficiency of preference opti-
mization. We investigate the impact of varying the frequency
of reference model updates. As shown in Table.1(b), both
more frequent and less frequent updates yield inferior perfor-
mance. Frequent updates to the reference model can prevent
it from serving as a stable baseline for optimizing targets,
leading to suboptimal optimization. Conversely, infrequent
updates may struggle to realign an already biased model.

of K = 200, striking a harmonious balance between these
two scenarios.

Other Evaluation Metrics In our main paper, we primar-
ily utilize the VBench [5] to assess the effectiveness of our
approach. Additionally, we also incorporate the FVD [10]
and Video Dynamic Quality [6] metrics to conduct a compre-
hensive evaluation of our method. Specifically, we compute
FVD on the UCF-101 [9] dataset following the methodology
of [13]. However, FVD is criticized for its focus on individ-
ual frame quality. Therefore, we utilize the improved FVD
implementation by [3] and compare our method’s perfor-
mance with others. Moreover, Video Dynamic Quality is
a metric tailored to evaluate the dynamic characteristics of
generated videos. We employ this metric to assess how well
our method optimizes video dynamics. The results are sum-
marized in Tab.1(c). Our approach demonstrates superior
performance compared to other methods based on these two
metrics. Taking the dynamic quality as an example, despite
some improvement observed in InstructVideo in terms of
FVD, it suffers from performance degeneration in dynamic
quality. This is attributed to the naive application of the
image-based reward model in a frame-wise manner, which
enhances the frame image quality but can lead to temporal
inconsistency. The effort made by the VADER only brings
marginal improvement in dynamic quality due to the lack



Dynamic
Degree

Dynamic Subject Aesthetic
Number ];egree Conjsist. Quality Interval
2 424 96.09 49.16 100
4 42.0 97.09 54.33 200
6 43.0 97.58 55.37 400
8 43.1 97.21 54.75 600

(a) Online candidate number.

42.7
43.0
41.0
45.0

(b) Reference curriculum interval.

Subject  Aesthetic Dynamic

Coniist. Quality Method FVD} Qyuality T
97.02 53.74 OpenSora | 316.21 60.12
97.58 55.37 InstructVideo | 296.50 58.37
96.64 51.26 VADER 24478 61.89
96.11 51.88 Ours 201.51 65.74

(c) More metrics results.

Table 1. OnlineVPO Extended Ablations. We perform further ablations on (a) the number of video candidates when constructing the online
preference pair, (b) the curriculum interval to update the reference model, and (c) the performance comparison with more evaluation metrics.

of a targeted video reward model. In contrast, OnlineVPO,
leveraging a video reward model and online video preference
learning, showcases significant enhancements in dynamic
quality compared to the baseline.

3.2. More Visualization

We showcase more visualization examples of the generated
performance of our approach and other methods with Open-
Sora and VideoCrafter as base models, respectively, in Fig.2
and Fig.3. It can be observed that our approach outperforms
the existing method in generating not only high-quality but
also temporally coherent frame images.
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Figure 2. Visualization of the generation results of different video preference learning methods based on OpenSora v1.2.
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Figure 3. Visualization of the generation results of different video preference learning methods based on VideoCrafter v2.
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