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Abstract

The evolution of Text-to-video (T2V) generative models,
trained on large-scale datasets, has been marked by sig-
nificant progress. However, the sensitivity of T2V genera-
tive models to input prompts highlights the critical role of
prompt design in influencing generative outcomes. Prior re-
search has predominantly relied on Large Language Models
(LLMs) to align user-provided prompts with the distribution
of training prompts, albeit without tailored guidance en-
compassing prompt vocabulary and sentence structure nu-
ances. To this end, we introduce RAPO, a novel Retrieval-
Augmented Prompt Optimization framework. In order to
address potential inaccuracies and ambiguous details gen-
erated by LLM-generated prompts. RAPO refines the naive
prompts through dual optimization branches, selecting the
superior prompt for T2V generation. The first branch aug-
ments user prompts with diverse modifiers extracted from
a learned relational graph, refining them to align with the
format of training prompts via a fine-tuned LLM. Con-
versely, the second branch rewrites the naive prompt using
a pre-trained LLM following a well-defined instruction set.
Extensive experiments demonstrate that RAPO can effec-
tively enhance both the static and dynamic dimensions of
generated videos, demonstrating the significance of prompt
optimization for user-provided prompts. Project website:
GitHub.

1. Introduction
With the rapid advancement of diffusion models [28, 33,
34], visual content creation has experienced remarkable
progress in recent years. The generation of images, as well
as videos from text prompts utilizing large-scale diffusion
models, referred to as text-to-images (T2I) [13, 30, 35] and
text-to-videos (T2V) [5, 12, 40] generation, have attracted
significant interest due to the broad range of applications in
real-world scenarios. Various efforts have been made to en-
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hance the performance of these models, including improve-
ments in model architecture [23, 26, 26], learning strategies
[36, 44], and data curation [32, 39, 41].

Recent studies [17, 31, 44] have revealed that employing
long, detailed prompts with a pre-trained model typically
produces superior quality outcomes compared to utilizing
shallow descriptions provided by users. This has under-
scored the significance of prompt optimization as an im-
portant challenge in text-based visual content creation. The
prompts provided by users are often brief and lack the es-
sential details required to generate vivid images or videos.
Simply attempting to optimize prompts by manually adding
random descriptions can potentially mislead models and de-
grade the quality of generative results, resulting in outputs
that may not align with user intentions. Therefore, develop-
ing automated methods to enhance user-provided prompts
becomes essential for improving the overall quality of gen-
erated content.

Towards improving image aesthetics and ensuring se-
mantic consistency, several attempts [19, 27, 46] have been
made in previous T2I works for prompt optimization. These
efforts primarily involve instructing a pre-trained or fine-
tuned Large Language Model (LLM) to incorporate detailed
modifiers into original prompts, with the aim of enhanc-
ing spatial elements such as color and relationships. While
these approaches have displayed promising outcomes in im-
age generation, studies [7, 17] reveal that their impact on
video generation remains limited, especially in terms of en-
hancing temporal aspects such as motion smoothness and
minimizing temporal flickering.

For T2V generation, we observe that the quality of spa-
tial and temporal elements is significantly influenced by the
selection of appropriate verb-object phrases and the struc-
ture of input prompts, which largely rely on analyzing and
structuring the entire training data in a systematical manner.
To this end, we propose RAPO, a Retrieval-Augmented
Prompt Optimization framework for T2V generation.

The primary objective of RAPO is to convert user-
provided prompts into optimized prompts that retain the
original semantics while closely adhering to the format of
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“a bicycle accelerating to gain speed”
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“A blue car drives past a white picket fence on a sunny day”

(a)	dynamic dimension
“a sink and a toilet”

“a mushroom growing 
out of a human head” “a tennis racket and a bottle”“Man teaches robot to play chess.” “Albert Einstein drinking 

coffees with Iron Man.”

(b)	static dimension
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“A tranquil tableau of house.”

Figure 1. Videos generated using LaVie [40] conditioned on user-provided prompts and optimized prompts from RAPO. The optimized
prompts can significantly enhance both the static and dynamic qualities of the generated videos, making them more visually appealing.

the training data, including the vocabulary and sentence
structure. To achieve this, we initially construct a Relation
Graph from the training data, with each node representing
words and edges indicating the relationships between neigh-
boring words. By leveraging any user-provided prompt, we
can retrieve the most relevant terms to enhance the original
descriptions.

Subsequently, a specially fine-tuned Refactoring LLM is
introduced to reorganize the structure and writing style of
the word-augmented prompt, aligning it more cohesively
with the original training data. Additionally, we employ a
Rewrite LLM to directly transform user-provided prompts
into optimized prompts that follow a specific format consis-
tent with the training prompts, serving as candidates for op-
timized prompts. In order to address potential inaccuracies
and ambiguous details generated by LLMs, we conclude by
fine-tuning a Discriminator LLM to identify the most suit-

able prompt for T2V generation.
We apply RAPO on two T2V generation models

LaVie [40] and Latte [26], and evaluate it on three bench-
marks, namely VBench [21], EvalCrafter [25] and T2V-
CompBench [37]. It is worth noticing that RAPO greatly
promotes the performance of multiple objects dimension
in VBench from 37.71% to 64.86% using LaVie and from
29.55% to 52.78% using Latte. In addition, the experimen-
tal results show that RAPO improves the performance of
T2V models to synthesize scenes with multiple subjects,
even unusual scenes like ”a mushroom growing out of a
human head” as shown in Fig. 1. Our contributions can be
summarized as follows.

• We propose RAPO, a Retrieval-Augmented Prompt Opti-
mization framework T2V generation.

• We propose word augmentation module and sentence
refactoring module to optimize prompts considering
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prompt vocabulary and specific sentence format.
• We validate the effectiveness of RAPO through extensive

experiments on several benchmarks.

2. Related Work

Text-to-Video generation. With the remarkable break-
throughs of diffusion models [28, 33, 34], the generations
of 3D content [9, 24, 43], images [3, 13, 30], and videos
[4, 5, 20] from text descriptions achieve rapid advance-
ment. Text-to-Video (T2V) [8, 40, 47] Generation aims
to automatically create videos that match given textual de-
scriptions. This process generally involves comprehend-
ing the scenes, objects, and actions described in the text
and converting them into a sequence of cohesive visual
frames, producing a video that is logically and visually con-
sistent. T2V generation is wildly used in applications, such
as animations [10, 15, 18] and automatic movie genera-
tion [42, 48, 50]. However, large T2V generative models
[26, 40, 44] trained on large-scale dataset could not ade-
quately demonstrate their potential in generation due to mis-
match between training and inference.
Prompt optimization. T2I and T2V generative models are
sensitive to input prompts. However, the well-performed
prompts are often model-specific and coherent with train-
ing prompts, misaligned with user input. Therefore, several
studies [11, 17, 27, 45] are conducted to explore the gener-
ative potential of T2I and T2V generative models. Hao et
al. [17] propose a learning-based prompt optimizing frame-
work unitizing reinforce learning for generating more aes-
thetically pleasing images. Chen et al. [11] enhance user
prompts by leveraging the user’s historical interactions with
the system. Mo et al. [27] propose Prompt Auto-Editing
(PAE) method to decide the weights and injection time steps
of each word without manual intervention. These methods
primarily focus on prompts optimizing for T2I models and
lack extension to T2V models. Yang et al. [44] use large
language models (LLMs) to transform short prompts into
more detailed ones, maintaining a consistent visual struc-
ture. Polyak et al. [31] develop a teacher-student distilla-
tion approach for prompt optimization to improve computa-
tional efficiency and reduce latency. However, the results of
optimized prompts usually could not be well-aligned with
training prompts due to the misleading of the LLMs and the
lack of more refined guidance.

3. Method

As illustrated in Fig. 2, RAPO consists of three parts, 1) a
word augmentation module, 2) a sentence refactoring mod-
ule, as well as 3) a prompt selection module. Given a user-
provided prompt xi, firstly, the word augmentation module
utilizes an interactive retrieval-merge mechanism between
a relation graph G and a LLM L to augment the prompt

by adding related subject, action and atmosphere modifiers.
Then, a fine-tuned LLM Lr is applied to refactor the entire
sentence into xr. xr has a more unified format which is
consistent with the prompt length and format distribution in
training data. Finally, a discriminator in the prompt selec-
tion module decides between xr and a naively augmented
prompt xn obtained directly from a LLM via instruction,
as the most suitable augmented prompt for T2V generation.
We proceed to introduce each module in detail in the fol-
lowing sections.

3.1. Word Augmentation Module
Given a user-provided prompt xi, the word augmentation
module aims to enrich xi with more multiple, straightfor-
ward and relevant modifiers. It is achieved through retriev-
ing modifiers meeting the requirements from a built relation
graph G, and merging them into xi through L via instruc-
tion. In this section, we first introduce the construction and
retrieval of relation graph. And we introduce the instruction
format and retrieval-merge mechanism of L.
Relation Graph G. As shown in Fig. 3, we construct rela-
tion graph G based on training prompts database. For each
training prompt, we utilize L to extract scene and corre-
sponding related modifiers (subject, action, atmosphere de-
scriptions). Each scene serves as a core node, with sub-
ject, action and atmosphere modifiers connected as individ-
ual sub-nodes in relation graph. For each extracted scene,
we first check whether it exists in relation graph or not. If
so the extracted related modifiers will be connected to the
existing one. If not the extracted scene becomes a new core
node with related modifiers connected. Finally, we can ob-
tain a relation graph covering diverse scenes with multiple
modifiers connected.

For relation graph retrieval, we utilize a sentence trans-
former pre-trained model to extract features of prompt, and
employ the cosine similarity to measure similarity between
sentence features. We first retrieve the top-k relevant scenes
from G for xi. Then we retrieve all modifiers connected
to the retrieved scenes. We select the top-k relevant mod-
ifiers {pn|k−1

n=0} from all retrieved modifiers, preparing for
the retrieval-merge mechanism of L.
LLM L. We augment xi with retrieved modifiers {pn|k−1

n=0}
from relation graph. We rename xi with x0

i to illustrate
the process of iterative merging. Specifically, the retrieved
modifiers are merged into input prompt x0

i one by one
through prompting L, to maintain the information of the
original input while adding relevant modifiers.

  x^{m+1}_{i} = f(x^{m}_{i},p^m_i), 
 

    (1)

where m = 0, 1, ..., k − 1. f is a function that combine xm
i

and pmi reasonably by L. For instance, a merged prompt “a
woman dressed in a black suit representing a funeral” is re-
sulted from merging the user-provided prompt ”a woman
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“A person is riding
scooter.”

Word	Augmentation

Rewrite 
LLM

“A person riding a
scooter on a city street
and moving at a good
speed, wearing a
helmet and appears to
be enjoying the ride.”

1. on a city street
2. moving at a good speed
3. wearing a helmet
4. appears to be enjoying the ride

Sentence	Refactoring

Refactoring 
LLM

“A person riding a
scooter on a city street.
The person is wearing
a helmet and appears
to be enjoying the ride.
The scooter is moving
at a good speed and
seems to be a popular
mode of transportation
in the city.”

Rewrite 
LLM

Prompt	Selection

Discriminator 
LLM

“A person riding a
motorized scooter on a
busy street in a park
setting. The person
appears to be enjoying
the ride, surrounded by
trees and other people
in the background.”

“A person riding a
scooter on a city street.
The person is wearing
a helmet and appears
to be enjoying the ride.
The scooter is moving
at a good speed and
seems to be a popular
mode of transportation
in the city.”

Rewrite	via	instruction

Relation	Graph

T2V

Figure 2. Overview of RAPO. The naive prompt is optimized by two branches respectively. For the first branch, it is enriched by the word
augmentation module based on a constructed relation graph and a frozen Large Language Model (LLM). Subsequently, augmented prompt
is refactored by a finetuned LLM into a specific format in the sentence refactoring module. For the second branch, the naive prompt is
directly rewritten by a frozen LLM. Finally, the prompt selection module selects the better one from two branches’ results as input for T2V
model.

Prompt

LM

Prompt 
Database

wearing a 
swimsuit

sunbathing

have a 
good time

Wearing a 
gown

lighting a 
candle

mysterious 
…

Relation Graph

Subject

Action

Atmosphere

dressed to 
impress

partying

…… 𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑀𝑎𝑡𝑐ℎ

𝑁𝑜

lively

	𝐸𝑥𝑖𝑠𝑡𝑠?

castle

Scene

beach

Subject

Action

Atmosphere

Action

Subject

Atmosphere

Scene

Figure 3. The construction of relation graph. Relation graph
consists of multiple nodes (scenes acting as core nodes with mod-
ifiers connected as sub-nodes). For each prompt in database, LLM
extracts scene and related modifiers. Based on whether the ex-
tracted scene is already in the graph or not, different methods are
used to incorporate the new information into the graph.

representing a funeral” and a retrieved modifier ”a black
suit”. We prompt L to perform general prompt merging in a
normal manner as the template in Tab. 1. In instruction, we
provide some prompt pairs E = {ei|ni=0} as examples, in

which ei contains input prompt, a modifier and correspond-
ing merged result.

LLM Template for Retrieval-Merge Mechanism

Suppose you are a Text Merger. You receive two inputs
from the user: a description body and a relevant mod-
ifier. Your task is to enrich the description body with
relevant modifiers while retaining the description body.
You should ensure that the output text is coherent, con-
textually relevant, and follows the same structure as the
examples provided.
Examples of prompt-pairs provided: E = {ei|ni=0}.
Input description body and modifier are: {xm

i ,pmi }.
The merged prompt is: {xm+1

i }.

Table 1. Input template for retrieval-merge mechanism. This
template specifies how a frozen LLM iteratively merges user-
provided prompt texts with relevant modifiers retrieved from a re-
lation graph, thereby enriching the prompt’s semantic content and
aligning it with the training prompt structure for improved text-to-
video synthesis.

3.2. Sentence Refactoring Module
Sentence refactoring module aims to refactor word aug-
mented prompts from word augmentation module to be
more consistent with prompt format in training data. It is
achieved through a fine-tuned LLM Lr named as refactor-
ing model. In this section, we introduce the training data
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preparation and instruction tuning for Lr.
Data preparation. We represent the required dataset for
training refactoring model by {Dr = ri|N

r

i=1}, in which ri
involves a pair of prompts and Nr is the number of training
prompts pairs. Specifically, ri = (wi, ci), in which wi tar-
gets to simulate world augmented prompt, and ci represents
the target prompt, that is, a training prompt for T2V mod-
els. wi and ci share similar semantics while different in the
prompt format and length. Therefore, we generate wi au-
tomatically through rewriting ci utilizing L via instruction
to break the unified training prompt format but maintaining
the original semantics.
Instruction tuning for Lr. We employ instruction tuning
for fine-tuning a LLM on our constructed dataset of instruc-
tional prompts and corresponding outputs. The constructed
dataset is based on {Dr = ri|N

r

i=1} containing instructional
prompts and corresponding outputs. The template of the
instruction tuning dataset for Lr is shown as Tab. 2.

Instruction Tuning Dataset for Lr

Instruction. Refine format and word length of the sen-
tence: wi. Maintain the original subject descriptions,
actions, scene descriptions. Append additional straight-
forward actions to make the sentence more dynamic if
necessary.
Output: target prompt ci.

Table 2. Instruction tuning dataset template for Lr . This tem-
plate directs LLM fine-tuning to restructure augmented prompts
by adjusting their format while preserving semantics, aligning
them with the training data’s style for improved T2V generation.

3.3. Prompt Selection Module
As shown in Fig. 2, prompt selection module contains a
fine-tuned LLM Ld named prompt discriminator to select
the better one between xr from sentence refactoring mod-
ule, and a naively augmented prompt xn obtained directly
from a LLM via instruction. In this section, we introduce
the training data preparation and instruction tuning for Ld.
Data preparation. We represent the required dataset for
training refactoring model by {Dd = di|N

d

i=1}, in which
di contains three prompts and Nd is the number of train-
ing prompts triples. Specifically, di = (xi, xr, xn, yd), in
which yd represents the discriminator label to select the
better one for T2V generation from xr and xn given in-
put prompt xi. To simulate the user-provided prompts, we
collect diverse prompts from several T2V benchmarks and
generate more utilizing L via instruction. xr and xn can
be obtained from the proposed RAPO as shown in Fig. 2
given xi. We determine yd through the evaluation of gen-
erated videos conditioned on xr and xn. Specifically, the
evaluations of T2V models performance involves diverse

dimensions. For collected or generated prompts, we need
to determine the evaluation dimension according to prompt
content. We automatically decide the evaluation dimension
of input prompts utilizing L, then choose the corresponding
metrics to evaluate generated videos.
Instruction tuning for Ld. Similar to Lr, we employ in-
struction tuning for Ld based on {Dd = di|N

d

i=1}. The tem-
plate of the instruction tuning dataset for Ld is shown as
Tab. 3.

Instruction Tuning Dataset for Ld

Instruction. Given user-provided prompt xi, select the
better optimized prompt from xr and xn. The chosen
prompt is required to contain multiple, straightforward,
and relevant modifiers about xi while involving the se-
mantics of xi.
Output: discriminator label yd.

Table 3. Instruction tuning dataset template for Ld. This tem-
plate aims to train a discriminator LLM that evaluates multiple re-
fined prompts and selects the optimal one based on the inclusion of
clear, straightforward modifiers and faithful semantic alignment.

4. Experiments
4.1. Experimental Setup
Evaluation and Metrics. We utilize the VBench [21],
EvalCrafter [25] and T2V-CompBench [37] for quantitative
performance evaluation. VBench is an extensive benchmark
comprising 16 fine-grained dimensions designed to system-
atically evaluate the quality of generated videos. Eval-
Crafter is a comprehensive evaluation benchmark that in-
cludes approximately 17 objective metrics for evaluating
video generation performance. T2V-CompBench is the first
benchmark tailored for compositional text-to-video genera-
tion.
Comparison to other methods. We compare the optimized
prompts with our method to three types of prompts: the
short primary prompts, the prompts generated from GPT-4
[2] and prompt refiner from Open-sora [1], which is based
on fine-tuned LLaMA 3.1 [38]. The specific inference
prompt template for GPT-4 [2] can be found in supplemen-
tary materials.

4.2. Implementation Details
The well-performed prompts are model-specific and aligned
with the distribution of training prompts. We employ
Vimeo25M [40], a training dataset consisting of 25 mil-
lion text-video pairs as our analysis dataset. At the same
time, we choose LaVie [40] and Latte [26] as analysis T2V
models, which belong to the diffusion-based and DiT archi-
tectures respectively and use Vimeo25M as one of training

3177



a bicycle and a carA panda making latte art.

Golden sunlight piercing through dark clouds. Rabbit tailor sews fabric into a dress.

(a) Static dimension. From left to right: naïve, GPT-4, Open-sora, Ours.

(b) Dynamic dimension (a robot is dancing). From left to right, from top to bottom: naïve, GPT-4, Open-sora, Ours.

Figure 4. Qualitative comparisons across dynamic and static dimensions. This figure showcases videos generated using LaVie with
short prompts, GPT-4 and Open-sora prompt optimizations, and our RAPO method. Videos produced with RAPO exhibit significantly
sharper spatial details, smoother temporal transitions, and a closer semantic alignment with the input text.

datasets. And we represent some extension results to some
other T2V models in supplementary materials. For rela-
tion graph construction, we utilize Mistral [22] to extract
scenes with corresponding subject, action and atmosphere
descriptions from Vimeo25M dataset, and use all-MiniLM-
L6-v2 as sentence transformer pre-trained model. We filter
about 2.1M valid sentences from from Vimeo25M dataset.
For refactoring model training data, we prepare about 86k
prompt-pairs following data preparation method in Section
3.2. For prompt discriminator training data, we first gen-
erate 7K text captions using Mistral, covering all the di-
mensions in VBench [21]. The specific prompt template
for extraction and dataset construction can be found in sup-
plementary materials. We perform LoRA fine-tuning us-
ing LLaMA 3.1 [38], and fine-tune 8 epochs and 3 epochs
for refactoring model and prompt discriminator respectively
with a single A100, using a batch size of 32 and a LoRA
rank of 64.

4.3. Evaluation Results
Qualitative comparisons. As shown in Fig. 4, compared
with user-provided prompts and other prompt optimization

methods, RAPO centers the input semantics and promotes
the the quality of generated videos from static and dynamic
dimensions. The relevant modifiers promote model com-
prehending the simple user-provided prompts. The detailed
prompts of different methods and more qualitative compar-
isons are provided in supplementary materials.

Quantitative comparisons. As shown in Tab. 4 and Tab. 5,
the results show that RAPO surpasses other methods in
static dimensions (e.g., visual quality, object class ) and dy-
namic dimensions (e.g., human actions, temporal flickering
). The consistent performance across various benchmarks
demonstrates the robustness and versatility of RAPO. Al-
though the optimized prompts from GPT-4 and Open-sora
enriches the plain user-provided prompts with more details
describing the scenes, objects, and actions, these lengthy
and complex descriptions may confuse models and even
worsen the generation. It is worth noticing that RAPO sig-
nificantly enhances the score of multiple objects dimension
from 37.71% to 64.86% using LaVie and from 29.55% to
52.78% using Latte as shown in Tab. 4. And RAPO out-
performs other methods on T2V-CompBench as shown in
Tab. 6 for some selected dimensions, which are focused on
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Models Total Score temporal flickering imaging quality human action object class multiple objects spatial relationship

LaVie [40] 80.89% 96.62% 69.00% 95.80% 92.09% 37.71% 37.27%
LaVie-GPT4 [2] 79.69% 96.14% 70.27% 83.80% 88.73% 36.23% 50.55%
LaVie-Open-sora [1] 79.75% 96.42% 70.42% 87.00% 91.29% 36.52% 54.37%
LaVie-RAPO 82.38% 96.86% 71.40% 96.80% 96.91% 64.86% 59.15%
Latte [26] 77.03% 97.10% 63.38% 88.40% 83.86% 29.55% 40.63%
Latte-GPT4 [2] 77.40% 97.52% 63.54% 85.80% 78.32% 27.73% 36.72%
Latte-Open-sora [1] 77.23% 97.67% 64.19% 84.60% 83.60% 30.00% 35.12%
Latte-RAPO 79.97% 98.17% 66.72% 95.20% 96.47% 52.78% 41.31%

Table 4. Quantitative comparisons on VBench. RAPO achieves the highest overall scores, especially in static attributes and multiple
object generation.

Figure 5. Visualization on attention map on multiple objects
from different prompts. Adding description of the relative spatial
position between objects can improve multi-object generation.

complex compositional T2V tasks. These experiments ver-
ified that PAPO significantly improves the performance of
generating scenes involving more than two subjects.

4.4. Analyses
Multiple objects. Synthesis quality of generated videos of-
ten declines when tasked with generating outputs that ac-
curately represent prompts involving multiple objects. This
issue is also prevalent in the T2I model, and several studies
[14, 16, 30] have highlighted that the blended context cre-
ated by the CLIP text encoder leads to improper binding.
Meanwhile, some related works [6, 29] focus on image la-
tents to address information loss, while the others [7, 49]
pay more attention to text embedding to deal with the is-
sue. However, few have explored optimizing prompts to
improve the performance of multiple obejsts task. We apply
our method to text-to-image using SD 1.4 [34], which uses
the same text encoder with LaVie [40]. We test on prompts
about multiple objects, and remove the irrelevant modifiers

Figure 6. Prompt length distribution comparison among var-
ious methods. The distribution of RAPO-optimized prompts is
more closer to the training prompts.

like action and atmosphere descriptions. As shown in Fig. 5,
we can find the relevant spatial descriptions boost the per-
formance of multiple objects. More examples can be found
in supplementary materials.
Statistical analysis of text. As shown in Fig. 6, we com-
pared the word length distributions of prompts from the
T2V training set, user prompts (simulated via VBench,
EvalCrafter, and T2V-CompBench), and optimized prompts
generated by various methods. The results show that the
prompt length distribution produced by RAPO is closest to
that of the training set, and this consistency unleashes the
model’s generative potential to produce better videos. In
contrast, user prompts are too short and lack necessary de-
tails, while other methods generate longer prompts that con-
tain excessive details and complex vocabulary, which may
be counterproductive, as shown in Tab. 4 and Tab. 5.

4.5. Ablation Study
We conduct ablation experiments on the VBench bench-
mark to examine the individual and combined effects of
different modules in RAPO. Additionally, we perform abla-
tion experiments on various configurations of L. We present
more ablation experiments on hyperparameters in the sup-
plementary materials.
Ablating each modules in RAPO. We directly obtain the
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Models Final Sum Score motion quality text-video alignment visual quality temporal consistency

LaVie [40] 248 53.19 69.60 64.81 60.87
LaVie-GPT4 [2] 246 54.05 65.51 64.96 61.22
LaVie-Open-sora [1] 251 53.07 71.38 65.26 61.41
LaVie-RAPO 256 53.34 74.38 66.62 61.29
Latte [26] 217 50.03 55.49 57.65 53.94
Latte-GPT4 [2] 218 51.36 53.65 58.02 54.65
Latte-Open-sora [1] 222 50.25 57.32 58.71 55.47
Latte-RAPO 227 51.73 60.86 59.24 55.26

Table 5. Quantitative comparisons on EvalCrafter. The results demonstrate that RAPO consistently achieves higher scores, especially
in terms of text-video alignment and visual quality, indicating its superior ability to enhance the overall quality of generated videos.

Models consistent attribute binding dynamic attribute binding action binding object interactions

LaVie [40] 0.620 0.232 0.483 0.760
LaVie-GPT4 [2] 0.561 0.218 0.428 0.620
LaVie-Open-sora [1] 0.532 0.214 0.470 0.698
LaVie-RAPO 0.692 0.267 0.635 0.839
Latte [26] 0.633 0.227 0.476 0.792
Latte-GPT4 [2] 0.598 0.210 0.405 0.688
Latte-Open-sora [1] 0.549 0.203 0.487 0.743
Latte-RAPO 0.706 0.258 0.591 0.856

Table 6. Quantitative comparisons on T2V-CompBench. RAPO outperforms alternative prompt optimization methods, exhibiting better
performance at managing complex compositional tasks and ensuring coherent interactions between multiple objects in the generated videos.

word augmentation sentence refactoring prompt selection VBench Total Score

(a) \mathhexbox {4}58 80.37%
(b) \mathhexbox {4}58 79.75%
(c) \mathhexbox {4}58 \mathhexbox {4}58 81.58%
(d) \mathhexbox {4}58 \mathhexbox {4}58 81.75%
(e) \mathhexbox {4}58 \mathhexbox {4}58 80.60%
(f) \mathhexbox {4}58 \mathhexbox {4}58 \mathhexbox {4}58 82.38%

Table 7. Ablation studies of different modules in RAPO on
VBench. Each module improves performance, while the com-
bined use of all three leads to the highest evaluation score, con-
firming the synergistic effect of the full RAPO framework.

GPT-4 Mistral LLaMA

VBench Total Score 82.38% 82.25% 82.10%

Table 8. Ablation studies on different L. The results suggest that
RAPO is robust and effective across various LLMs.

related modifiers about input prompts utilizing GPT-4 [2],
and merging them into inputs at one time as the comparison
of word augmentation. We randomly select one of opti-
mized prompts as the comparison of prompt selection. The
optimal result is achieved by the full-fledged framework as
shown in row (f).
Ablation experiments on different L. We conduct abla-
tion experiments on GPT-4 [2], Mistral [22] and LLaMA

3.1 [38]. As shown in Tab. 8, although GPT-4 achieves
the best overall score, the differences are marginal, which
suggests that RAPO is robust and effective across various
LLMs in generating optimized prompts for T2V generation.

5. Conclusion and Future Work
In this paper, we propose RAPO, a novel framework for
prompt optimizing to improve the static and dynamic di-
mensions performance of generated videos by pre-trained
T2V models. RAPO employs word augmentation, sen-
tence refactoring and prompt selection to generate prompts
aligned with the distribution of training prompts, involving
relevant and straightforward modifiers about inputs. Exten-
sive experimental evaluations demonstrate the effectiveness
and efficiency of RAPO. For the future work, we plan to
extend RAPO to more T2V models and conduct more anal-
yses about the reasons for improvements.
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