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Figure 1. Examples of seamless brand integration by BrandFusion. Given user prompts like basketball games and cyberpunk street
scenes, our framework naturally incorporates brands (Nike on jersey/banner, Coca-Cola on billboard) into generated videos. BrandFusion
can integrate with multiple T2V models and handle diverse brands while preserving user intent and ensuring natural visual coherence.

Abstract

The rapid advancement of text-to-video (T2V) models has
revolutionized content creation, yet their commercial po-
tential remains largely untapped. We introduce, for the
first time, the task of seamless brand integration in T2V:
automatically embedding advertiser brands into prompt-
generated videos while preserving semantic fidelity to user
intent. This task confronts three core challenges: main-
taining prompt fidelity, ensuring brand recognizability, and
achieving contextually natural integration. To address
them, we propose BrandFusion, a novel multi-agent frame-
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work comprising two synergistic phases. In the offline
phase (advertiser-facing), we construct a Brand Knowledge
Base by probing model priors and adapting to novel brands
via lightweight fine-tuning. In the online phase (user-
facing), five agents jointly refine user prompts through iter-
ative refinement, leveraging the shared knowledge base and
real-time contextual tracking to ensure brand visibility and
semantic alignment. Experiments on 18 established and 2
custom brands across multiple state-of-the-art T2V mod-
els demonstrate that BrandFusion significantly outperforms
baselines in semantic preservation, brand recognizability,
and integration naturalness. Human evaluations further
confirm higher user satisfaction, establishing a practical
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pathway for sustainable T2V monetization.

1. Introduction
The rapid advancement of text-to-video (T2V) generation
models, such as Veo [8], Sora [28], and Kling [21], has
revolutionized content creation, enabling users to synthe-
size high-fidelity videos from natural language descrip-
tions [1, 2, 11, 20, 24, 33, 36, 39, 47]. However, as these
technologies transition to commercial products, establish-
ing sustainable monetization models remains an open chal-
lenge given the substantial computational costs involved. In
this work, we introduce, for the first time, the task of seam-
less brand integration in T2V generation: automatically
embedding advertiser brands into prompt-generated videos
while preserving semantic alignment with user intent.

Unlike intrusive traditional advertising that disrupts user
experience [4, 6, 26, 29–31], our proposed task aims to
naturally embed brand elements within generated content,
preserving the user’s creative intent and aesthetic control
while achieving brand visibility. This paradigm opens
a promising pathway for sustainable T2V services: ad-
vertisers gain organic exposure through contextually rele-
vant placements, service providers establish viable revenue
streams, and users continue to receive high-quality content
without explicit interruption. The task’s success hinges on a
delicate balance: brands must be recognizable yet unobtru-
sive, visually prominent yet contextually harmonious, and
semantically coherent with the user’s original prompt.

However, seamlessly integrating brands into T2V gen-
eration presents formidable challenges that extend far be-
yond simple text manipulation. First, maintaining semantic
alignment [48, 49] requires that brand integration preserves
the user’s original creative intent, including key subjects,
actions, and stylistic preferences, as any deviation risks user
dissatisfaction and service abandonment. Second, ensuring
brand visibility demands that brand elements appear rec-
ognizably and identifiably within generated videos, as in-
sufficient prominence fails to deliver advertising value to
brand owners. Third, achieving natural integration necessi-
tates that brands appear organically within scene contexts,
avoiding jarring or out-of-place elements that disrupt visual
coherence. These three objectives often conflict: overly
prominent placement may compromise naturalness, while
prioritizing subtlety may sacrifice visibility. Furthermore,
the diversity of user prompts spanning countless scenarios,
combined with the variety of brands ranging from well-
established entities to emerging startups across categories
such as beverages, automobiles, and apparel, creates a vast
combinatorial space. Rule-based approaches inevitably fail
to generalize, frequently producing abrupt or incoherent
outputs that satisfy neither users nor advertisers.

To address these challenges, we propose BrandFusion,

a multi-agent framework for seamless brand integration in
T2V generation. Our key insight is that effective integration
requires both comprehensive brand knowledge and sophis-
ticated contextual reasoning, capabilities that emerge natu-
rally from multi-agent collaboration. As shown in Figure 3,
it operates through two synergistic phases: (1) An offline
phase (advertiser-facing) that constructs a Brand Knowl-
edge Base by probing T2V models’ prior knowledge of
brands and selectively performing lightweight fine-tuning
for novel brands, which serves as the foundation for subse-
quent online integration. (2) An online phase (user-facing)
that employs five specialized agents, namely brand selec-
tor, strategy generator, prompt refiner, critic, and experience
learner, to collaboratively refine prompts through iterative
refinement. In this multi-agent system, agents coordinate
by leveraging the shared Brand Knowledge Base (storing
brand profiles, adapters, and accumulated experiences) and
a real-time Session Context that tracks the current genera-
tion state for adaptive prompt adjustment. As illustrated in
Figure 1, BrandFusion generates videos with natural brand
presence across diverse scenarios. Extensive experiments
on 18 well-known brands and 2 custom brands across mul-
tiple T2V models demonstrate that our framework consis-
tently outperforms baselines in semantic alignment, brand
visibility, and integration naturalness, with human evalua-
tion confirming superior user satisfaction.

Our main contributions are three-fold: (1) We introduce
seamless brand integration in T2V generation as a novel
task, accompanied by comprehensive evaluation protocols.
(2) We propose BrandFusion, a multi-agent framework fea-
turing systematic offline brand knowledge construction and
online collaborative prompt refinement. (3) We conduct ex-
tensive experiments on both established and novel brands
across multiple T2V models, achieving state-of-the-art per-
formance with human evaluations confirming superior user
satisfaction.

2. Related Work
Prompt Optimization for Video Generation. The quality
of generated videos critically depends on the effectiveness
of input prompts, and prompt optimization aims to enhance
user-provided rough prompts into detailed, model-preferred
descriptions. Training-based methods [3, 9, 19, 37, 41] em-
ploy supervised fine-tuning and reinforcement learning to
refine prompts through reward-guided optimization, assess-
ing metrics such as image-text alignment and compositional
fidelity. Multi-agent frameworks [13, 15, 25, 38, 42, 43, 45,
46] decompose prompt refinement into specialized agents
that collaboratively handle tasks like scene enrichment, ver-
ification, and correction through iterative workflows. Un-
like existing methods that solely focus on generation qual-
ity, our work also seamlessly integrates brand elements in
the video, thereby establishing monetization pathways for
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T2V service providers.
Brand Integration in Generative Models. In text-to-
image diffusion models, model customization techniques
such as DreamBoot [32] and Textual Inversion [5] en-
able models to synthesize novel entities through lightweight
fine-tuning. Recent work has attempted brand embed-
ding through adversarial approaches: Silent Branding At-
tack [18] employs data poisoning to covertly inject brand lo-
gos into training data, enabling models to generate branded
content without explicit prompts, while BAGM [34] imple-
ments backdoor attacks across different model components
to manipulate outputs with brand elements. These methods
operate covertly without user awareness, prioritizing stealth
and concealment. Different from these approaches, we are
the first to introduce seamless brand integration for text-to-
video generation, naturally incorporates brands into user-
requested videos while preserving semantic fidelity.

3. Seamless Brand Integration in Text-to-Video
Generation

3.1. Preliminaries

Text-to-video (T2V) generation models synthesize video
sequences from natural language descriptions. Given a text
prompt P , a T2V model generates a corresponding video
V . Contemporary T2V models leverage diffusion-based ar-
chitectures where text prompts are encoded into semantic
embeddings via pretrained encoders (e.g., CLIP, T5) that
guide video synthesis through cross-attention mechanisms.
The quality and specificity of the prompt critically influence
the generated video’s semantic alignment with user intent.

3.2. Task Description

The rapid advancement of T2V models has opened unprece-
dented opportunities for automated content creation, par-
ticularly in advertising production [23, 26]. We introduce
the task of seamless brand integration for T2V genera-
tion, a novel problem that naturally incorporates brand ele-
ments into user-requested videos while preserving semantic
fidelity and user intent.
Task Definition. Given a user-provided text prompt Pu

and a advertiser-provided brand profile B, the task’s goal
is to generate an optimized prompt Popt that guides the T2V
model to produce a video V integrated with the brand while
satisfying three critical constraints: (1) Semantic Fidelity:
The generated video must faithfully reflect the user’s orig-
inal intent, preserving key semantic elements and narrative
flow. (2) Brand Presence: The brand elements must be rec-
ognizably integrated into the video with clear visibility and
identifiability. (3) Natural Integration: The brand should
appear organically within the scene context, avoiding ob-
trusiveness or semantic incongruity.

Figure 2. Ecosystem of brand integration in T2V generation.

3.3. Application Scenarios
This task demonstrates practical real-world application
prospects in commercial ecosystems connecting brand own-
ers, T2V service providers, and end users. As illustrated
in Figure 2, the ecosystem operates through the following
workflow: brand owners first pay T2V service providers to
register their brand profiles and enable advertising; the T2V
providers then seamlessly integrate brand information when
end users submit creative requests; subsequently, users re-
ceive high-quality branded videos that balance creative in-
tent with brand visibility; ultimately, brands achieve or-
ganic exposure, establishing sustainable monetization chan-
nels for service providers.

4. Methodology
4.1. Overview of BrandFusion
In this paper, we propose BrandFusion, a multi-agent sys-
tem for seamless brand integration in T2V generation. As
illustrated in Figure 3, it consists of two synergistic phases:
(1) Offline Brand Knowledge Base Construction, which
adaptively builds brand knowledge through prior knowl-
edge probing and selective model adaptation, and (2) Online
Multi-Agent Brand Integration, which employs five special-
ized agents to intelligently optimize brands while preserv-
ing semantic fidelity. A centralized Brand Knowledge Base
serves as long-term memory, accumulating knowledge and
successful experiences across generations.

4.2. Phase I: Offline Brand Knowledge Base Con-
struction

As shown in Figure 3 (a), the offline phase systematically
prepares brand knowledge for efficient online integration.
Given a brand profile B = {N , C,R,D} from advertisers
comprising brand name, category, reference images, and
description, we first probe the T2V model’s prior knowl-
edge of the brand. Brands with sufficient prior knowledge
are directly registered in the Brand Knowledge Base, while
those lacking knowledge undergo model-level adaptation to
generate brand-specific adapters. The Brand Knowledge
Base maintains comprehensive information for each brand,
including knowledge type, adapter weights (if applicable),
reference visual patterns, and an experience pool of suc-
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Figure 3. Overview of the BrandFusion framework: (a) Offline phase builds brand knowledge through probing and adaptation. (b) Online
phase employs five collaborative agents for semantic-preserving brand integration with continuous learning.

cessful integration cases, serving as the foundation for sub-
sequent online integration.
Prior Knowledge Probing. To determine whether the T2V
model possesses adequate knowledge of a given brand,
we employ a systematic probing procedure. A diagnos-
tic prompt generator first creates diverse test prompts that
explicitly mention the brand across various contexts (e.g.,
“A wide shot of a BMW car”). The model then generates
videos from these prompts. A brand quality evaluator ex-
amines each video to detect whether brand elements are ac-
curately present and visually correct. If more than 70% of
the videos successfully generate the brand with recogniz-
able features, the brand is marked as having sufficient prior
knowledge and directly stored in the knowledge base.
Model-level Brand Adaptation. For brands lacking prior
knowledge, we perform lightweight model adaptation to in-

ject specific brand knowledge. A synthetic data generator
constructs training data by: (1) generating diverse prompts
mentioning the brand with a special trigger token (e.g. the
brand name); (2) synthesizing corresponding videos using
reference images R and text-to-image models to create ini-
tial frames; (3) extending to full videos through image-to-
video techniques. This process yields a synthetic dataset
Dsyn = {(Pj ,Vj)}Mj=1. We fine-tune the T2V model using
LoRA on Dsyn, producing a brand-specific adapter AB. The
adapted model can then accurately generate videos contain-
ing the brand when the trigger token appears in prompts.
Both the adapter weights and metadata are stored in the
Brand Knowledge Base, enabling efficient retrieval during
online integration.
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4.3. Phase II: Online Multi-Agent Brand Integra-
tion Framework

Given a user prompt Pu, the online phase employs a multi-
agent system to seamlessly integrate brands while preserv-
ing semantic integrity and user intent.
Multi-Agent System Structure. Our framework comprises
five specialized agents, each agent is powered by large lan-
guage models and performs distinct functions:
• Brand Selection Agent: The first agent queries the Brand

Knowledge Base to select the most compatible brand for
Pu by considering semantic compatibility between the
prompt’s scene/context and the brand’s typical applica-
tion scenarios; The agent outputs the selected brand B∗

and its profile including whether it requires adapter.
• Strategy Generation Agent: This agent aims to design

subtle and context-aware integration strategies that bal-
ance semantic preservation with brand visibility. It an-
alyzes the user prompt’s scene characteristics to deter-
mine optimal integration strategy S. In addition, it can
query the experience pool to analysis historical success-
ful strategies from similar scenarios, avoiding unsuccess-
ful approaches from past failures.

• Prompt Rewriting Agent: This agent transforms Pu into
an optimized prompt P ′ by executing the strategy while
adhering to four core principles: Semantic Preservation
maintaining original subject and actions, Natural Integra-
tion incorporating brand elements as natural scene com-
ponents, Logical Consistency preserving temporal and
causal coherence, and Style Consistency following T2V
prompt conventions.

• Critic Agent: This agent performs multi-dimensional
evaluation of P ′, assessing semantic fidelity to Pu, brand
clarity and recognizability, integration naturalness and
fluency, and expected generation effectiveness. Based on
the evaluation, it decides to accept the prompt, revise the
prompt or replan the strategy.

• Experience Learning Agent: Once the prompt is ac-
cepted, the system generates video with the T2V model,
conditionally loading the brand adapter if available. This
agent then collects user feedback and abstracts it into ex-
periences: positive feedback yields successful patterns,
while negative feedback records failed ones. Both are
stored in the experience pool, enabling continuous sys-
tem improvement through closed-loop learning.

Inter-Agent Collaboration Mechanism. The agents col-
laborate through dual memory: the brand knowledge base
(long-term) stores brand profiles, adapters, and historical
experiences, while the working context (short-term) tracks
current session state. Brand selection retrieves B∗ from
long-term memory; Strategy generation leverages histori-
cal experiences to formulate S; Prompt rewriting produces
P ′; Critic evaluates and provides feedback, triggering it-
erative refinement until acceptance. All intermediate re-

sults are logged in working context. Finally, Experience
learning abstracts the completed integration and writes it
back to long-term memory, enabling continuous improve-
ment through closed-loop learning.

5. Experiments

5.1. Experimental Setup
Brand Integration Benchmark. To comprehensively eval-
uate BrandFusion’s integration capabilities, we construct a
two-tiered benchmark. For known brands with existing
model priors, we curate 18 well-established brands span-
ning 7 industry categories. For each brand, we manu-
ally construct 15 diverse prompts with different propmt-
brand compatibility: High Match prompts where the brand
naturally fits, Medium Match prompts where the brand
can reasonably appear, and Low Match prompts represent-
ing challenging scenarios with low relevance. This yields
270 (brand, prompt) pairs across varying integration dif-
ficulty levels. For novel brands lacking prior knowl-
edge, we design two fictional brands: a sportswear brand
“ARUA” and an beverage brand “FreshWave”. Each brand
is equipped with logo and product images and correspond-
ing test prompts.
T2V Model Selection. For known brands, we evaluate
the multi-agent framework on three commercial T2V mod-
els: Veo3 [8], Sora2 [28], and Kling2.1 [21]. For novel
brands, we fine-tune adapters on three open-source models:
Wan2.1-1.3B, Wan2.2-5B [35], and CogVideoX-5B [44].
Baeline Methods. We compare BrandFusion against three
baseline approaches: (1) Direct Append naively appends the
brand name to the prompt end; (2) Template-based Rewrit-
ing uses fixed templates to insert brands into prompts; (3)
Single Rewriting employs LLM for one-pass prompt rewrit-
ing.
Evaluation Metrics. To comprehensively assess brand in-
tegration quality, we establish a multi-dimensional evalua-
tion framework encompassing automated metrics and hu-
man assessments across three critical aspects: video gen-
eration quality, semantic fidelity to user intent, and brand
integration quality.
• Video Quality. We adopt the VBench Quality Score

(VBench-Quality) [16, 17, 50], a widely-used compre-
hensive metric aggregating multiple dimensions from
temporal quality and frame-wise quality perspectives.
Higher score indicates better overall video generation
quality.

• Semantic Fidelity. To measure how well generated
videos preserve the user’s original intent, we employ
three complementary metrics: (1) VQAScore leverages
visual question answering to assess semantic preserva-
tion by generating key questions from the original prompt
and evaluating whether the generated video provides cor-
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Table 1. Main results on well-known brands across three T2V models. BrandFusion achieves comparable visual quality while significantly
outperforming baselines on semantic fidelity and brand integration quality. Higher scores indicate better performance.

Video Quality Semantic Fidelity Brand Integration Quality

T2V Method VBench-Quality CLIPScore VQAScore LLMScore
Brand Presence

Rate (BPR)
Naturalness
Score (NS)

Direct Append 0.8112 0.2671 0.8342 0.7821 0.7221 2.8300
Template Rewriting 0.8267 0.2842 0.8756 0.9234 0.8845 3.1200
Single Rewriting 0.8289 0.2956 0.8891 0.9412 0.8968 3.9000Veo3

BrandFusion (Ours) 0.8283 0.3274 0.9098 0.9556 0.9474 4.7000

Direct Append 0.7945 0.2645 0.8298 0.8756 0.6434 2.7100
Template Rewriting 0.8033 0.2868 0.8712 0.9187 0.7845 3.8400
Single Rewriting 0.8029 0.2968 0.8867 0.9368 0.8278 3.9800Sora2

BrandFusion (Ours) 0.8031 0.3177 0.9231 0.9875 0.9066 4.6000

Direct Append 0.7754 0.2634 0.8276 0.8742 0.6989 2.6500
Template Rewriting 0.7803 0.2855 0.8689 0.9165 0.7812 3.7300
Single Rewriting 0.7883 0.2951 0.8823 0.9351 0.8145 3.8400Kling2.1

BrandFusion (Ours) 0.7818 0.3165 0.9208 0.9853 0.8834 4.4800

rect answers [14, 22, 51]; (2) CLIPScore measures align-
ment between generated video and original prompt using
CLIP embeddings [10, 40], computing average similarity
across frames; (3) LLMScore employs multimodal large
language models to assess semantic consistency. Higher
scores indicate better semantic preservation.

• Brand Integration Quality. We evaluate from two com-
plementary perspectives: (1) Brand Presence Rate (BPR)
is a binary metric indicating whether brand elements are
successfully detected in the generated video using mul-
timodal LLMs; (2) Naturalness Score assesses integra-
tion quality through three LLM-evaluated factors on a 1-
5 scale, including contextual fit , visual blend, and non-
intrusivenesst. The final naturalness score is averaged
across these three dimensions. Higher values indicate
more natural integration.

Implementation Details. We implement all agents using
GPT-5 [27] with temperature 0.7. For adapter training, we
employ LoRA [12] with rank 32, learning rate 1 × 10−4,
and train for 10 epochs. For each custom brand, we synthe-
size 100 training videos by first generating diverse prompts
with trigger tokens, then creating initial frames via Nano-
Banana [7] conditioned on reference images, and finally ex-
tending to full videos using Veo-3. The prompts of each
agent are provided in the Appendix.

5.2. Main Results
Results on Known Brands. We first evaluate Brand-
Fusion on the known brands in our benchmark. To en-
sure fair comparison across varying difficulty match lev-
els and baselines, we configure brand selection agent to
output the predetermined brand for each prompt. Table 1
presents results averaged across all test cases. BrandFu-
sion achieves VBench quality scores comparable to base-
lines, indicating that brand integration does not compro-

Table 2. Results on novel brands with model-level adaptation.

Brand T2V Model CLIPScore LLMScore BPR NS

ARUA
Wan2.1-T2V-1.3B 0.2934 0.9134 0.9312 3.94
Wan2.2-T2V-5B 0.3056 0.9487 0.9556 4.18
CogVideoX1.5-5B 0.2789 0.8923 0.8745 3.27

FreshWave
Wan2.1-T2V-1.3B 0.2898 0.9178 0.8267 3.98
Wan2.2-T2V-5B 0.3012 0.9523 0.9312 4.39
CogVideoX1.5-5B 0.2723 0.8867 0.7723 3.19

mise generation quality. However, BrandFusion signifi-
cantly outperforms all baselines on semantic fidelity and
naturalness scores, demonstrating that our framework suc-
cessfully balances semantic preservation with natural inte-
gration. Notably, BrandFusion maintains high brand pres-
ence while achieving superior naturalness, indicating ef-
fective brand visibility without sacrificing scene coherence.
Single-LLM Rewriting lacks iterative refinement, resulting
in lower naturalness. Template-based and Direct Append
methods achieve high brand presence but often produce
abrupt results.
Results on Novel Brands. We evaluate the effectiveness
of brand adaptation for two novel brands. As shown in Ta-
ble 2, Wan2.2-T2V-5B consistently achieves the best per-
formance with highest BPR and NS scores, attributed to
its larger model capacity and stronger generation capabil-
ities, while Wan2.1-T2V-1.3B maintains reasonable effec-
tiveness despite its smaller size. Notably, all three models
achieve high brand presence rates and naturalness scores,
validating our adapter training’s effectiveness. The consis-
tent performance across diverse brand categories (footwear
vs. beverage) confirms the generalizability of our synthetic
data generation and LoRA fine-tuning approach, success-
fully enabling T2V models to generate novel brands with
visual fidelity and natural scene integration even when en-
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Figure 4. Human evaluation results on semantic fidelity, integra-
tion naturalness, and overall acceptability.

tirely absent from pre-training data.
Human Evaluation. To validate our approach from the
user perspective, we conduct a user study with 10 partici-
pants evaluating videos generated by the Veo3 model1. Par-
ticipants assess videos across three dimensions using a 1-5
Likert scale: (1) Semantic Fidelity — preservation of origi-
nal prompt intent; (2) Integration Naturalness — how nat-
urally the brand is incorporated; and (3) Overall Accept-
ability — satisfaction with the generated video. As shown
in Figure 4 , BrandFusion consistently achieves the highest
scores across all dimensions. This confirms that our frame-
work successfully balances brand integration with user sat-
isfaction, while baseline methods compromise user experi-
ence through semantic deviation or unnatural placements.

6. Analysis
6.1. Performance Across Different Match Level
To assess robustness across varying scene-brand compat-
ibility, we analyze performance stratified by match level.
Table 3 reveals that BrandFusion maintains consistently
strong performance across all compatibility levels, achiev-
ing high semantic fidelity and naturalness even in challeng-
ing Low Match scenarios. In contrast, baseline methods
exhibit sharp degradation: Template-based Rewriting drops
from NS 4.01 in high match to 1.38 in low match, while Di-
rect Append shows significant decline in low match cases.
BrandFusion gracefully handles difficult scenarios, main-
taining strong semantic preservation while finding creative,
context-aware integration strategies. This advantage vali-
dates the effectiveness of iterative multi-agent collaboration
over one-pass optimization or fixed heuristics.

6.2. Performance Across Prompt Scene Categories
To evaluate BrandFusion’s adaptability across diverse real-
world scenarios, we analyze performance on seven major
scene categories aggregated from our 14 prompt scene types
generated by Veo3. As illustrated in Figure 5, BrandFu-
sion demonstrates consistent superiority over all baseline
methods. Our method achieves particularly strong results
in everyday contexts such as Urban Scenes, Social & Home

1This study was approved by our institution’s IRB.

Table 3. Performance across different prompt-brand match levels.

High Match Medium Match Low Match
Method LLMScore NS LLMScore NS LLMScore NS

Direct Append 0.8234 3.95 0.7876 3.21 0.7353 1.33
Template Rewriting 0.9456 4.01 0.9178 3.97 0.9068 1.38
Single Rewriting 0.9512 4.68 0.9489 4.05 0.9235 2.97
BrandFusion (Ours) 0.9734 4.90 0.9601 4.78 0.9333 4.42

Urban Scenes

Social & Home Life

Active Lifestyle

Professional Nature & Animals

Fashion &
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Temporal
Themes

0.5

0.6

0.7

0.8

0.9

1.0

(a) Semantic Fidelity (LLMScore)

Urban Scenes

Social & Home Life

Active Lifestyle

Professional Nature & Animals
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Temporal
Themes

1.0

2.0

3.0

4.0

5.0

(b) Integration Naturalness (NS)

BrandFusion (Ours) Single Rewriting Template Rewriting Direct Append

Figure 5. Comparison across different prompt scene categories.

Life, where natural brand placement opportunities are abun-
dant. While Temporal Themes, such as Sci-Fi and His-
torical scenes, present greater challenges due to the need
to reconcile modern brands with temporally distinct con-
texts, BrandFusion still outperforms all baselines. These
results validate that our framework enables effective cross-
category generalization, maintaining high-quality brand in-
tegration regardless of scene complexity.

6.3. Performance Across Brand Categories
To evaluate BrandFusion’s generalizability across commer-
cial domains, we analyze performance on seven brand cate-
gories spanning Food & Beverage, Technology, Transporta-
tion, Apparel, Beauty, Home, and Health & Wellness. As
shown in Figure 7, BrandFusion consistently outperforms
all baselines in both semantic fidelity and integration nat-
uralness. Notably, everyday brands such as Apparel &
Footwear achieve the highest integration quality, attributed
to their natural association with human subjects and flexible
placement across diverse scenarios. Baseline methods show
considerable performance variation, with Direct Append
particularly struggling in specialized domains. While cat-
egories like Technology and Transportation present greater
integration challenges due to more constrained contextual
requirements, BrandFusion maintains relative higher per-
formance, validating the effectiveness of our adaptive multi-
agent framework across diverse commercial domains.

6.4. Experience Learning Effectiveness
To validate the effectiveness of experience learning mech-
anism, we construct 100 diverse prompts for BMW brand
integration, process them sequentially, and divide them into
10 groups to compute average overall acceptability within
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Figure 6. Case study examples of brand integration for novel brands using Wan2.2-T2V-5B. ARUA sportswear (top) and FreshWave
beverage (bottom) are seamlessly integrated into diverse scenarios, demonstrating natural brand placement while preserving user intent.
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Figure 7. Comparison across seven brand categories.

each group. As illustrated in Figure 8, BrandFusion with ex-
perience learning shows a clear upward trend across stages,
while the baseline without experience learning remains rel-
atively flat, demonstrating that the Experience Learning
Agent successfully accumulates knowledge from previous
integrations and continuously refines strategies.

6.5. Efficiency Analysis
While BrandFusion employs a multi-agent framework with
iterative refinement, the online optimization process main-
tains reasonable efficiency. Our analysis reveals that the
framework requires an average of 7.4 LLM calls per
prompt, with an average latency of 16 seconds. This over-
head is acceptable compared to actual video generation:
Wan2.2-T2V-5B requires at least 120 seconds to generate
a single video on an A100 GPU, meaning prompt optimiza-
tion accounts for about 11% of the pipeline. Combined with
the substantial quality improvements demonstrated in our
experiments, this makes BrandFusion viable for production
deployment where video generation remains the dominant
latency factor.

6.6. Case Studies
Figure 6 illustrates representative examples of brand in-
tegration for novel brands using Wan2.2-T2V-5B. For the
ARUA sportswear brand, the red shoes appear naturally
on the rider’s feet in a lawn mowing scene, maintaining
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Figure 8. Experience learning effectiveness over sequential stages.

clear visibility while preserving the activity context. For
FreshWave beverage, the green bottle integrates seamlessly
on the table during a backyard barbecue gathering, appear-
ing as an organic element among other items. Both exam-
ples demonstrate BrandFusion’s capability to handle novel
brands absent from pre-training data, achieving recogniz-
able brand presence while maintaining semantic fidelity and
visual naturalness. More examples are shown in Appendix.

7. Conclusion
In this paper, we introduce seamless brand integration for
text-to-video generation, a novel task that embeds brands
into videos while preserving semantic fidelity to the user’s
original intent. We propose BrandFusion, a multi-agent
framework featuring offline brand knowledge construction
and online collaborative prompt refinement through five
specialized agents. Extensive experiments on 18 established
and 2 novel brands across multiple state-of-the-art T2V
models demonstrate that BrandFusion significantly outper-
forms baselines, with human evaluations confirming supe-
rior user satisfaction across diverse scenarios and brand cat-
egories. Beyond technical contributions, this work estab-
lishes a practical pathway for sustainable T2V monetiza-
tion, enabling service providers to generate revenue, ad-
vertisers to achieve organic exposure, and users to receive
high-quality content without disruptive interruptions. Fu-
ture work includes exploring multi-brand integration and
user-adaptive personalization strategies.
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