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Motivation

Ennuumo

@ Recent advancements in text-to-video generation models have greatly
improved video quality.

@ While training inputs are precise and detailed, real-world user
prompts are often brief, ambiguous, or poorly structured, which
makes optimizing user inputs critical for generating high-quality

videos.

Model Training % ~ Model Inference
32 e : . ﬁ a, h )
‘ E Training Caption: A small dog with a white and tan } = E [ User Input: Dog lying grass tongue out.

coat is lying in a grassy area .......

A Critical Gap
Detailed, Descriptive, Well-Crafted Prompt Optimization for bridging this gap Concise, Unclear, Poorly-Structured




Motivation
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® Current approaches rely on LLMs with in-context learning to refine
prompts, but they face several limitations::

¢ Safety concerns: No guarantees optimized prompts remain safe, risking harmful
outputs.

¢ Imprecise refinement: Refinements may distort user intent or introduce biases.

¢ Overlooking final video quality: Optimizations focus on semantic richness but
ignore the direct impact on video quality, limiting effectiveness.

User Input: An extremely horrible clown. User Input: A girl watching a car race. : User Input: A flamenco dancer performing.
Traditional Method Traditional Method ' Traditional Method

Potential Issue-1: Safety Issues

Potential Issue-2: Misalignment with User Query I Potential Issue-3: Not Suitable for Model Generation
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VPO

® Our solution: VPO

S
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@ Principles for prompt optimizer of video generation models:
¢ Harmless: The refined prompt should avoid any harmful content, such as
depictions of blood or violence.

¢ Accurate: The optimized prompt should be precisely aligned with the user
input, except for safety issues.

¢ Helpful: The refined prompt should be detailed and descriptive, and can help
the video generation model produce high-quality video content.



Overall Framework

® Principle-driven Framework

Step1: Principle-Based SFT

&y  User Query
&b Horror movie of a man pulling himself apart.

Few-shot
Generation

In-context demonstrations:
Example 1: ... Example 2: ... ......

...... His body begins to distort as he grasps his arms,
pulling at his flesh with both desperation and agony. The
skin stretches unnaturally, revealing sinews and muscle
beneath as dark......

Critique 4 Principles: Harmless, Accurate, Helpful

-

The user query involves violent and disturbing elements.
The video prompt provides a detailed depiction of this
scenario, ...... violate safety concerns for “violence"” and
“disturbing content.”

®

Refine 4 Principles: Harmless, Accurate, Helpful

To refine the prompt, it is essential to remove or tone
down the graphic and disturbing elements...... Refined
Prompt: A dimly lit room ...... a man stands, trembling

countless stars ......
Rejected Prompt (missing “distant view”):

with fear ......
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Chosen Prompt (precisely aligned): A distant view of a vast
and boundless expanse of space, stretching infinitely with

A vast and

mysterious expanse of space stretches endlessly, shrouded
in a fantasy noire aesthetic with dark, ......
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Step2: Multi-Feedback Preference Optimization

| Refine .
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Learn to generate harmless
and accurate prompt

Learn to generate helpful prompt

..@

Video i
; Vision
Generation Reward
Model

ofo

[Video-Level Alignment]

Chosen Prompt (high reward): A distant view of infinite space
unfolds, bathed in a surreal fantasy noire aesthetic ......

Rejected Prompt (low reward): A vast, distant view of space
stretches infinitely, blending dark, muted tones with subtle
glimmers of starlight......

DPO Data h} DPO Model ‘
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Overall Framework

® Step-1
¢ Few-shot Prompt Generation
* LLM in-context learning

¢ Principle-based Refinement
* LLM critique and refine

¢ Supervised Fine-tuning
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&= Horror movie of a man pulling himself apart.
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Step1: Principle-Based SFT
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Few-shot In-context demonstrations:
Generation l Example 1: ... Example 2: ... ......

pulling at his flesh with both desperation and agony. The
skin stretches unnaturally, revealing sinews and muscle

@ ...... His body begins to distort as he grasps his arms,
\ beneath as dark......

Critique $ Principles: Harmless, Accurate, Helpful

1' The user query involves violent and disturbing elements.

@ The video prompt provides a detailed depiction of this
scenario, ...... violate safety concerns for “violence” and
“disturbing content.”

Refine $ Principles: Harmless, Accurate, Helpful

( To refine the prompt, it is essential to remove or tone

| down the graphic and disturbing elements...... Refined
] Prompt: A dimly lit room ...... a man stands, trembling
L with fear ......




Overall Framework

® Step-2

¢ Text-level Feedback .‘ N
- LLM Critique & avo Y

space and

* VisionReward ooty

¢ Video-level Feedback  los" o s1 o -»‘
' / o=t Text-Level

Alignment
¢ Preference Learning
* DPO

[Text-Lovel Alignment J

Chosen Prompt (precisely aligned): A distant view of a vast
and boundless expanse of space, stretching infinitely with
countless stars ......

Rejected Prompt (missing “distant view”): A vast and
mysterious expanse of space stretches endlessly, shrouded
in a fantasy noire aesthetic with dark, ......

\ Critique Model
(P )= -»

Step2: Multi-Feedback Preference Optimization
3 e Refine Learn to generate harmless
-}. _‘. and accurate prompt
X

Learn to generate helpful prompt
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[\ﬁdeo-Level Alignment]

Chosen Prompt (high reward): A distant view of infinite space
unfolds, bathed in a surreal fantasy noire aesthetic ......

Video
Generation

Rejected Prompt (low reward): A vast, distant view of space
stretches infinitely, blending dark, muted tones with subtle
glimmers of starlight......



Experiment Setup

® Test Datasets

¢ MonetBench
¢ VBench
¢ T2VSafetyBench

® Backbone Models

¢ CogVideoX-2B
¢ CogVideoX-5B
¢ Open-Sora




Main Results

® VPO outperforms all other baselines on video quality.

Method | MonetBench | VBench
Align- - Preser- : Human Multiple Appear.
et Stability Sation Physics Overall Action Scene Objects  Style
CogVideoX-2B
Original Query B | 0.25 0.56 0.31 3.27 80.00 28.34 40.17 22.60
Promptist 0.88 0.25 0.55 0.29 287 67.40 18.37 27.44 2302
Prompt-A-Video 1:23 0.27 0.61 0.33 3.58 90.60  43.85 68.26 22.33
GLM-4 Few-Shot 1.28 027 0.59 0.33 357 96201 5551 68.40 23.47
GPT-40 Few-Shot 1.26 0.27 0.58 0.33 3.58 98.20 5253 63.63 2373
VPO-SFT 1.28 0.28 0.60 033 3.59 97.00 55.04 68.98 24.13
VPO w/o TLFDBK | 1.32 0.29 0.62 0.33 3.2 96.40  54.78 67.79 24.15
VPO 1.34 0.29 0.63 0.34 3.76 99.00 55.83 70.17 24.20
CogVideoX-5B

Original Query 1:31 0.29 0.62 0.34 377 88.00 41.32 45.67 2337
Promptist 1.08 0.28 0.62 0.33 3.42 7740 2493 18.34 2327
Prompt-A-Video 1.42 0.31 0.66 0.35 4.05 91.80 4540 74.41 22.63
GLM-4 Few-Shot 1.46 0.29 0.64 0.35 3.98 98.40  55.60 72.38 24.39
GPT-40 Few-Shot 1.48 0.29 0.64 0.34 4.03 99.20  53.13 1221 24.20
VPO-SFT 1.47 0.30 0.65 0.35 4.01 97.20 58.40 73.70 24.55
VPO w/o TLFDBK | 1.52 0.31 0.67 0.35 4.12 97.60  54.59 72.99 23.96
VPO 1.52 0.31 0.67 0.36 4.15 99.60  55.68 7573 24.57




Human Evaluation

® VPO shows superior performance in both the instruction-following

ability and video quality, largely improving the overall preference.
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Human Evaluation

® VPO significantly improves video safety compared to LLM few-shot
methods, especially at Level 1.
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Query Alignment

® VPO shows better alignment with user intent.

Method Aligned * Misaligned |
Unsafe Imprecise Refusal

GLM-4 Few-Shot 83.4 54 10.0 1.2

GPT-40 Few-Shot 86.4 2.4 8.6 2.6

VPO-SFT 03.8 0.8 54 0.0
CogVideoX-2B

VPO w/o TL FDBK 93.0 2.0 5.0 0.0

VPO 94.6 0.6 4.8 0.0
CogVideoX-5B

VPO w/o TL FDBK 92.8 1.2 6.0 0.0

VPO 94.8 0.4 4.8 0.0




Comparison to RLHF

® VPO serves as a competitive
RLHF method, when compared
with Diffusion DPO.

® Moreover, VPO can be combined
with Diffusion DPO to further
improve the model performance.
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Cross-model Generation

S

® The VPO model trained with

Method Hul.nan S Mu.ltiple Appear.
CogVideoX-2B can improve the S il
Original Query 88.80  44.08 55.99 23.87
performance of Open-Sora. GPT-40 Few-Shot | 9240 5321  65.02  23.84
VPO-SFT 9580 5141 6428  23.86
VPO 97.00 5358 6788 2393

Table 3. Evaluation results (%) of Open-Sora 1.2 on VBench.

Align- Stability Pre.ser-
ment vation

Original Query 1.01 0.21 0.54 0.31 2.90
GPT-40 Few-Shot | 1.12 0.21 0.55 0.31 3.07
VPO-SFT 1:12 0.23 0.56 0.31 3.08
VPO 1.13 0.24 0.58 0.33 3.18

Method Physics Overall

Table 4. Evaluation results of Open-Sora 1.2 on MonetBench.



Case Study

Original Query: In a dimly lit hospital room, patients with exposed wounds and broken  Qriginal Query: A person is hugging.
bones lie motionless, the floor slick with blood and medical waste.

GLM-4 Few-Shot: In a somber, dimly lit hospital wd, patients with various injuries— GLM-4 F ew-Sh(;t: A person, enveloped in a cozy knit sweater, stands in the heart of a
exposed lacerations, bruised limbs, and splinted fractures...... , which is wet and shiny lush garden where the vibrant colors of autumn leaves cascade around them. They are
with patches of congealed blood and scattered medical debris, ...... seen opening their arms wide, a warm and inviting gesture. As they......

» 7 » » '

iy 4 ‘ 3 3
VPO (Ours): In a dimly lit hospital room, ...... the scene focuses on the caring and VPO (Ours): A young woman with shoulder-length auburn hair is seen in a cozy living
professional environment. ...... , creating a calm and sterile interior. The professionals room with warm lighting, wearing a light blue sweater and jeans. She stands close to a
move with precision and compassion, reflecting a workplace dedicated to healing and man with short black hair, dressed in a green flannel shirt and dark trousers. They
care, capturing the resilience and professionalism of healthcare workers. embrace each other warmly in a friendly and affectionate manner......
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Conclusion

S

® Key Takeaways:

® Exisiting prompt optimization methods with LLM in-context
learning can lead to several problems, like safety concerns.

® An ideal prompt optimizer should be harmless, accurate and helpful.

@ Driven by these principles, VPO can reduce harmful content,
improve alignment with user intent, and help generate high-quality
videos.
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