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Abstract

Text-to-Video (T2V) models, despite recent advancements,
struggle with factual accuracy, especially for knowledge-
dense content. We introduce FACT-V (Factual Accuracy in
Content Translation to Video), a system integrating multi-
source knowledge retrieval into T2V pipelines. FACT-V of-
fers two key benefits: i) improved factual accuracy of gen-
erated videos through dynamically retrieved information,
and ii) increased interpretability by providing users with
the augmented prompt information. A preliminary evalu-
ation demonstrates the potential of knowledge-augmented
approaches in improving the accuracy and reliability of
T2V systems, particularly for entity-specific or time-sensitive
prompts.

Demo Video — https://bit.ly/factv-demo
Dataset — https://bit.ly/factv-dataset

Introduction and Related Work

Recent years have witnessed significant advancements in
Text-to-Video (T2V) models, marked by the emergence
of both closed-source solutions, such as Pika Labs, Run-
wayML’s Gen-2, and OpenAlI’s Sora (Pika Labs 2023; Run-
way 2023; OpenAl 2024b), as well as open-source alterna-
tives such as CogVideoX and Open-Sora (Yang et al. 2024;
Zheng et al. 2024). These developments have led to substan-
tial improvements in various aspects of video generation, in-
cluding text alignment, video resolution, and temporal con-
sistency (Cho et al. 2024). Despite these advancements, a
critical challenge remains largely unexplored: the genera-
tion of videos containing knowledge-dense or factually li-
able content. This issue extends beyond text alignment, fo-
cusing on the production of content with concrete, support-
ing factual details that may not be explicitly captured in the
prompts. This challenge is particularly pronounced in sce-
narios that involve specific categories/classes of entities such
as people, events, locations, or evolving knowledge.
Although similar problems have been addressed in other
generative domains, particularly in Natural Language Pro-
cessing (NLP), through approaches like retrieval-augmented
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Figure 1: System flow chart for FACT-V, including knowl-
edge distillation, fact retrieval, and prompt augmentation.

generation (Lewis et al. 2020, RAG), their application in
visual domains, such as Text-to-Image (T2I) and T2V, re-
mains limited. Recent work has begun to explore this area in
T2I (Lim and Shim 2024; Wan et al. 2024), but research in
T2V is further behind.

A common approach to improving factual representation
is retraining the model with more comprehensive and up-
to-date data. However, this strategy faces significant chal-
lenges in the T2V domain. The availability of high-quality
training data is limited, and there is considerable difficulty
in curating resources, especially those containing up-to-date
real-world knowledge. Moreover, the need for frequent re-
training to keep up with rapidly changing information poses
a substantial logistical challenge (Girdhar et al. 2024). These
factors render the retraining approach suboptimal, particu-
larly for dynamic, rapidly evolving knowledge domains.

Drawing parallels from both textual and visual genera-
tion domains, we propose that information retrieval via web
search and large language models may offer a more efficient
and adaptable method for integrating accurate, up-to-date in-
formation in T2V systems.

System Overview

We introduce FACT-V (Factual Accuracy in Content Trans-
lation to Video), a system that integrates retrieval mecha-
nisms into a T2V pipeline (Figure 1).

FACT-V relies on dynamic knowledge retrieval to im-
prove factual accuracy as well as provides increased inter-
pretability in generated videos, especially required for spe-
cific categories of entities and evolving knowledge, with the
aim of providing a novel framework for more transparent
and adaptable T2V systems.



Without FACT-V With FACT-V

Input Prompt: Scientist Discovering the First Leprosy Treatment.

Fact: Alice Ball was an [African American] [Female] Chemist.

Without FACT-V

Input Prompt: Statue of Liberty in 1890
Fact: Statue of Liberty is a [copper] [reddish-brown] figure.

Figure 2: Text-to-Video Model Output Comparisons: Examples of videos generated without (left) and with (right) FACT-V.

Knowledge Distillation. We employ a manually-curated
visual ontology tailored to entity types, which is used to sup-
plement the initial prompt. Our approach involves sequen-
tially and dynamically chaining LLMs (i.e., GPT-40) to ex-
tract and distill core information (Khot et al. 2023). The on-
tology covers various entity types including people, events,
locations, and others. Based on this decomposition, we gen-
erate refined prompts for the subsequent retrieval phase. For
instance, as shown in Figure 2, we identify the entity (Al-
ice Ball), and distill relevant information based on her entity
type (people), such as ethnicity, gender, and other attributes.

Fact Retrieval. This component combines two sources to
gather information: (1) web search and (2) large language
models (LLMs). For each query ¢, we route it to the op-
timal knowledge base. The retrieval process is formulated
using LLM calls with OpenAI’s GPT-40 and Perplexity API
(OpenAl 2024a; Perplexity 2023).

Prompt Augmentation. We augment and rewrite the ini-
tial prompt leveraging the collected information. Only fac-
tual information with visual implications is filtered and in-
corporated from the raw retrieved facts. Finally, rewriting
using effective prompting techniques for T2V models (Wang
and Yang 2024) results in the knowledge-augmented prompt
for submission to the T2V model.

Evaluation. We conducted an evaluation of FACT-V,
which comprised of a preferential rating across (1) factu-
ality and (2) alignment. Our study focused on a small scale
evaluation of challenging prompts which revealed a notable
improvement in factuality, whereas alignment slightly ex-
ceeded parity with a high level of annotator agreement.

User Interface Guide. The FACT-V user interface (Fig-
ure 3) — modeled after Conia et al. (2024) — is divided into
three main sections:

¢ Section 1 — Input Prompt: Users enter a prompt p and
select a T2V model m for video generation.

¢ Section 2 — System Comparison: Enables a side-by-side
comparison between a standard and FACT-V-enhanced
T2V model, allowing users to assess the impact of dis-
tilled knowledge retrieval.

¢ Section 3 — Retrieved Knowledge: Displays informa-
tion fetched by the knowledge retrieval component, im-
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Figure 3: User interface of FACT-V, including a side-by-side
comparison with and without FACT-V and the knowledge
retrieved and used by our system.

proving the transparency and interpretability of the gen-
eration process.

Conclusion and Future Work

FACT-V showcases how the integration of retrieval-
augmented knowledge into T2V generation can enhance the
process in two key ways: 1) producing videos with improved
factual accuracy; and, ii) offering greater interpretability in
the generation process by allowing users to observe the re-
trieved information utilized by the system. FACT-V sug-
gests promising avenues for advancing T2V models, with
future research directions including: i) exploring more so-
phisticated retrieval mechanisms to incorporate diverse and
contextually relevant information; and, ii) investigating the
impact of retrieval-augmented generation on reducing biases
and improving fairness in visual outputs.
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