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Today's Text to Video Model

* Non-physical motion * Low visual quality

a woman
with long
brown hair
and wearing
a pink
nightgown
walks
towards the
bed in the
bedroom and
lays on it

A fox and an ow!l stargazing
together on a hilltop

A cowboy
rides his
horse
across an
open plain
at sunset



Post Training for Video Generation

* Post training has shown remarkable success in LLM and image generation
 Examples: DeepSeek-R1, OpenAl-01/03,

Can post training also benefit

video generation?




Three Components of Post-Training
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Preference Datasets

Prompt: A motorcycle racer
in a red suit moves forward.
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Policy Model Training

Maximize the defined reward function while
stay close to the initial policy (DPO/RWR, etc.)
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Human Preference Dataset

Prompt: A motorcycle racer in a red suit moves forward.
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(a) Human Preference Annotation

Two generated videos are compared along three preference dimensions:
e Visual Quality (VQ): image fidelity and details
e Motion Quality (MQ): smoothness and temporal coherence

e Text Alignment (TA): consistency with textual prompt



Reward Modeling
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* We place the prompt after VQ and MQ to avoid prompt bias.



Reward Modeling

Score Regression v.s. Pairwise Comparison (Bradley-Terry)
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Alignment

 The RLHF objective is %3xﬁywpc,x0~pe(xo|y)[T(xo,J’)] — BDkL[Pe(X0lY) Il Pres(x0l¥)]

* We propose three algorithms optimizing the same RLHF objective for rectified flow:
e Training-time: Flow-DPO, Flow-RWR

e Inference-time: Flow-NRG (reward guidance)
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Experiments

 Reward Accuracy
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Experiments

 Reward Accuracy
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Experiments
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Visual Quality + Motion Quality

A cowboy rides his horse across an open plain at sunset, with the camera capturing the warm colors of the sky and
the soft light on the landscape.

The camera remains still, a woman with long brown hair and wearing a pink nightgown walks towards the bed in the
bedroom and lays on it, the background (s a cozy bedroom, warm evening light.




Dynamic + Saturation

Base model
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