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Abstract. With the rapid rise of generative AI, digital marketing increasingly adopts multimodal content gen-
eration—combining text, images, and videos. This study explores large language models (LLMs) in generat-
ing marketing videos, reviewing recent advances in text, image (e.g., diffusion models), and video generation. 
A multimodal framework integrating LLMs is proposed, using loss functions like cross-entropy and MSE, and 
evaluated via BLEU, ROUGE, and FID. Results show competitive content quality and cross-modal consisten-
cy. Despite current limits in video quality and computational cost, the framework offers promising potential 
for efficient, high-quality digital marketing content creation.
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1   Introduction

In the digital age, the speed and variety of content creation have become key success factors for marketing cam-
paigns. The dissemination of content must use text, images and sounds to attract the audience’s attention and ef-
fectively convey the message. In recent years, generative artificial intelligence has revolutionized the way content 
is produced. Relevant surveys show that more and more marketing teams are adopting generative artificial intel-
ligence to assist in content creation; approximately 26% of marketers are already using generative AI for content 
creation, and this number is expected to rise to 45% by the end of 2024 [20]. This trend reflects the industry’s 
strong demand for high-quality content generated by artificial intelligence. Traditionally, copywriting, graphics 
and videos are all done by professional designers. In the cases generated by text, as the model is improved, there 
are significant results, showing close to human performance in various language challenges. Various general 
generative models are also developing rapidly. In the field of image generation, early generative adversarial net-
works (GANs) took the lead in creating realistic images from random noise, while subsequent diffusion models 
further improved image quality and stability. OpenAI’s DALL-E and newer text-to-image models such as Stable 
Diffusion have demonstrated the feasibility of generating realistic images from natural language descriptions. For 
video content, models that convert text into video have recently emerged (such as CogVideo and Meta’s Make-
A-Video), which use image generation technology combined with video data sets to produce short films [9]. 
Compared to text and image generation, video generation has achieved remarkable results in recent months, but 
there are still challenges in terms of resolution, temporal smoothness, and semantic alignment [10]. Current re-
search trends increasingly focus on combining LLM with multimodal generation to form unified, large-scale mul-
timodal models. For example, OpenAI’s GPT-4 technical report states that the new generation of LLM has mul-
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timodal capabilities and can accept both image and text input. Researchers are also exploring a single model that 
can generate text, images, and even audio simultaneously. For example, Microsoft Research’s CoDi (Combinable 
Diffusion) model uses a diffusion-based architecture to output multiple modalities simultaneously while ensuring 
consistency between them. These new solutions extend the language understanding and generation capabilities of 
LLM to multimodal domains, which is a key direction of artificial intelligence research. For digital marketing, a 
multimodal model that can co-generate marketing copy, product images, and promotional videos can significant-
ly shorten the planning cycle of marketing campaigns while maintaining a coherent brand message across media. 
This paper aims to explore the potential applications and effectiveness of multimodal LLM in generating digital 
marketing content. This study introduces a unified framework that integrates text and vision generation, details 
its model architecture and training strategy, and evaluates its performance on different tasks by comparing with 
traditional unimodal generation methods.

2   Literature Review

2.1   Large Language Models and Text Generation

Large language models have made significant breakthroughs in the field of natural language generation. GPT-
3, for example, is a prominent model featuring a Transformer architecture with 175 billion parameters that was 
pre-trained on vast amounts of text data [1]. This extensive pre-training endows the model with powerful lan-
guage understanding and generation capabilities. GPT-3 demonstrates near-human performance in various text 
generation tasks (such as article writing, dialogue systems, and code generation), proving that both the parameter 
scale and the volume of pre-training data are crucial to model performance. Subsequent models like ChatGPT 
and the instruction-tuned GPT-4 have further enhanced the quality of text generation and improved contextual 
semantic control. For digital marketing, this implies that LLMs can automatically generate marketing copy, prod-
uct descriptions, and social media posts while emulating the tone and style of human copywriters. The literature 
also documents several preliminary studies and case examples where LLMs have been applied in the marketing 
domain. For instance, some marketing teams have employed LLMs to generate email promotional content that is 
later refined by human editors; Deloitte’s research indicates that generative AI can enable marketers to produce 
personalized content at a faster pace to meet the ever-increasing demand for marketing materials.

2.2   Image Generation Models

In the realm of image content generation, deep learning techniques have evolved from GANs to diffusion mod-
els, progressively enhancing the realism and diversity of generated images. The Generative Adversarial Network 
(GAN) proposed by Goodfellow et al. employs an adversarial training mechanism between a generator and a 
discriminator to successfully generate synthetic images ranging from human faces to landscapes [6]. Subsequent 
improvements, such as DCGAN and StyleGAN, have continuously pushed the boundaries of image quality. 
However, GANs often suffer from unstable training dynamics and issues like mode collapse. Diffusion models, a 
more recent innovation, generate images by gradually transforming random noise into coherent images, thereby 
exhibiting more stable training characteristics and superior generation quality. The latent diffusion model intro-
duced by Rombach et al. first trains an autoencoder to compress images into a latent space and then performs 
the diffusion process in that space, thereby not only improving computational efficiency but also enabling the 
generation of high-resolution images (e.g., 1024×1024 pixels) [8]. In the context of integrating text into image 
generation, the advent of the CLIP model has been transformative. OpenAI’s CLIP (Contrastive Language-Image 
Pre-training) model employs contrastive learning on massive image–text pairs to generate representations that 
embed both text and images into a shared vector space. The text embeddings produced by CLIP are widely used 
as conditional inputs to guide image generation, enabling models to understand descriptive language. Building on 
this, OpenAI developed DALL-E, which demonstrated that a model could create images corresponding to natural 
language descriptions. Both DALL-E and its successor, DALL-E 2, leverage autoregressive or diffusion-based 
architectures similar to Transformers to produce creative images that are semantically aligned with the input text 
[7]. Additionally, open-source communities have released powerful text-to-image generation models like Stable 
Diffusion, allowing users to generate desired images on their own hardware. For marketing applications, these 
models can automatically generate product images, advertisement banners, and social media graphics. For exam-
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ple, a marketer can simply input product features and desired styles, and the model will produce several candi-
date advertisement images, thereby saving significant time compared to traditional graphic design [18].

2.3   Video Generation Models

Video generation poses greater challenges than static image generation because, in addition to spatial quality, 
temporal continuity and dynamic changes must also be considered. Early attempts at video generation involved 
GAN-based models that produced short video clips, usually limited to simple scenes or low resolutions. In recent 
years, improvements in computational power and model architecture have led to breakthroughs in text-to-video 
generation. One strategy is to extend pre-trained text-to-image generation models to the video domain. For ex-
ample, the CogVideo model builds upon the knowledge of a powerful text-to-image model (CogView2) and em-
ploys a multi-frame hierarchical training strategy to enable the model to understand text descriptions and gener-
ate corresponding multi-frame continuous videos [9]. Evaluations, both machine-based and human, have shown 
that CogVideo outperforms previously available models. Similarly, Meta AI’s Make-A-Video eliminates the need 
for extensive paired text–video data by combining image–text paired datasets (to learn static visual content) with 
unannotated video data (to learn dynamic changes), thereby successfully generating short videos that correspond 
to text descriptions. Furthermore, prototype systems such as Google’s Imagen Video and Phenaki have also 
demonstrated potential for high-quality video generation [10]. Although these models currently generate vid-
eos with limitations in resolution and duration (typically only a few seconds long at resolutions around 480p to 
720p), they are capable of producing basic scene continuity and maintaining relevance to the text. In the context 
of digital marketing, text-to-video technology implies that advertisement videos and product demonstration clips 
can be partially generated automatically. For example, marketers can provide a textual description of a product’s 
selling points, and the model can generate a draft animated video for subsequent refinement by the team, thereby 
significantly accelerating the video production process.

2.4   Multimodal Large Models and Agent Frameworks

To uniformly handle and generate various types of content, researchers have begun integrating LLMs with the 
aforementioned image and video generation technologies to develop multimodal large models. The vision for 
these models is to simultaneously understand and generate text, images, videos, and even audio within a single 
framework. In a review by He et al. (2024), existing multimodal generation methods are categorized into two pri-
mary approaches: those that are LLM-based and those that rely on models like CLIP/T5 (multimodal encoder–
decoder models). In multimodal generation, LLMs can play multiple roles [11-12]. For instance, by extending 
the model architecture to accept both image and text inputs, an LLM can generate descriptive text for images 
(i.e., image captioning); conversely, an LLM can output dialogue to invoke external image or video generators, 
serving as the central hub of a multimodal agent system [2]. The literature also explores the possibility of having 
LLMs directly generate images or audio. Some studies have incorporated image pixels or compressed codes as 
special “tokens” within the Transformer vocabulary, enabling the LLM to autoregressively generate cross-modal 
symbol sequences. This approach requires training the model on multimodal datasets where various modalities 
coexist to learn how to align them. For example, the Flamingo model is a vision–language model fine-tuned on 
massive image–text pair data, which allows it to generate descriptions for new image tasks with only a few ex-
amples. Another direction is the multi-agent collaborative framework, such as the Pixie framework, where a cen-
tral LLM agent coordinates multiple specialized sub-agents (each responsible for different tasks or modalities) 
that communicate through prompts and result exchanges to accomplish complex multi-step marketing tasks [14]. 
This multi-agent system has shown effectiveness in digital marketing, with studies indicating that it can improve 
decision quality and shorten common marketing processes (such as performance analysis and campaign plan-
ning) [13].

2.5   Evaluation Metrics

As multimodal generation technologies evolve, objectively evaluating the quality of the generated content be-
comes a significant challenge. For text generation, metrics such as BLEU and ROUGE are commonly used 
to quantify the similarity between machine-generated text and reference text. BLEU (BiLingual Evaluation 
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Understudy), proposed by Papineni et al., uses a weighted n-gram matching approach to assess the accuracy of 
machine translation or generated text. ROUGE (Recall-Oriented Understudy for Gisting Evaluation), introduced 
by Lin, includes various versions (e.g., ROUGE-N, ROUGE-L) and primarily measures recall to determine how 
much of the important content from the reference summary is captured by the generated text [4-5]. These metrics 
are widely used for automatic scoring in tasks such as machine translation and summarization. However, in the 
context of generating marketing copy, relying solely on these word-overlap based metrics may be insufficient 
to evaluate the persuasiveness or creativity of the copy, necessitating the inclusion of human evaluation. For 
the quality assessment of generated images and videos, the Fréchet Inception Distance (FID) is commonly em-
ployed. FID, proposed by Heusel et al., compares the distributions of generated images and real images by first 
extracting feature vectors using the Inception V3 network, computing the mean and covariance of these features 
for both the generated and real image sets, and then calculating the Fréchet distance between the two Gaussian 
distributions [3]. Mathematically, if μg and Σg denote the mean and covariance of the generated image features, μr 
and Σr represent those of the real images, then FID is defined as:

( )12
22( )r g r r g r gFID Tµ µ= − + Σ + Σ − Σ Σ (1)

A lower FID indicates that the distribution of the generated images is closer to that of the real data. FID has 
become a standard metric for evaluating image generation tasks and has also been extended to video evaluation 
(e.g., by calculating FID on individual video frames or using 3D convolutional network features to compute a 
similar metric). In addition to FID, other metrics such as the Inception Score and CLIP Score are used to as-
sess image quality or semantic alignment; however, FID is more frequently cited due to its sensitivity to mode 
collapse. In evaluating marketing content, beyond these objective metrics, practical evaluations also consider 
business metrics like click-through rates and conversion rates, though such metrics fall outside the scope of this 
technical discussion.

In summary, the existing literature provides a robust foundation for multimodal content generation: LLMs are 
responsible for high-quality text creation, diffusion models enable realistic image generation, and although video 
generation models are still maturing, they show promising potential. The key to truly applying these technologies 
in digital marketing lies in integrating them to collaboratively produce consistent marketing messages.

3   Methodology

In this study, we propose a multimodal content generation framework that integrates the text generation capabil-
ities of an LLM with the visual generation abilities of state-of-the-art image and video models. The goal is a uni-
fied model that can generate marketing text, related product images, and short promotional videos in a coherent 
manner. We describe the model architecture and mathematical formulation, followed by the training strategy, loss 
functions, and other algorithmic details.

3.1   Framework Architecture

The proposed framework comprises three main components: (A) a text generation module (the LLM core), (B) 
an image generation module, and (C) a video generation module. The LLM (based on a Transformer architecture 
similar to GPT-style models) produces the marketing text, while the image and video modules generate visual 
content conditioned on the text. To ensure semantic and stylistic consistency across modalities, the architecture 
employs a shared latent representation and cross-modal attention mechanisms. As the LLM generates the text, it 
simultaneously produces a set of latent embedding vectors that capture the key themes and semantics of the con-
tent. These latent embeddings serve as conditioning inputs to the image and video generators. The image gener-
ation module (for example, a latent diffusion model akin to Stable Diffusion) uses these text-driven embeddings 
to guide the creation of a product image. Similarly, the video generation module uses the text embeddings (and 
optionally the generated image) to produce a sequence of video frames. The video model extends image-gen-
eration techniques with temporal modeling, for instance by using a 3D U-Net or a Transformer with temporal 
attention to maintain consistency across frames [16]. By feeding the LLM’s semantic embeddings into the image 
and video generators via cross-modal attention layers, the framework aligns the content of all three outputs. This 
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approach is analogous to the method used in CoDi, where a shared latent space is established among different 
modalities to align text, image, and video representations. Fig. 1 illustrates the training process and how the mul-
timodal components interact.

Fig. 1. Training loss curves

The cross-entropy loss for text generation and MSE losses for image and video generation all decrease and 
converge, indicating stable joint training. Text loss (orange line) converges faster, so later training epochs focus 
more on reducing image (blue) and video (red) reconstruction errors. This balanced convergence behavior re-
flects the staged training strategy described in the methodology. Mathematically, let the input marketing prompt 
or concept be denoted by X (which can be a textual description or structured data of product information). The 
model is tasked with generating a text sequence T (e.g., an advertising slogan or description), an image I (rep-
resented as a pixel matrix or as a sequence of discrete tokens from a vector-quantized encoder), and a video V 
(represented as a sequence of video frames). We define a joint probability distribution P(T, I, V| X) that the mul-
timodal model aims to approximate. Directly modeling P(T, I, V| X) in one step is extremely challenging due to 
the high dimensionality and multi-modal nature of the output. Therefore, we adopt a conditional generation strat-
egy that factorizes the joint generation into sequential steps. First, the LLM generates the text: T~Ptext(T|X). Then 
the image and video are generated conditioned on the text (and on each other): (I, V)~Pvis(I, V|T, X). In practice, 
we further decompose the visual generation: the image I is generated conditioned on T, and the video V is gener-
ated conditioned on both T and I. This yields a two-stage process: 

P(T,I,V | X)=Ptext (T│X)∙Pvis (I,V | T,X) (2)

Here Ptext is realized by the LLM, and Pvis is realized by the image and video modules. By generating the 
image before the video (using the image as a key frame or as conditioning for the video module), we simplify 
the video generation task and enforce consistency (the video can incorporate the generated image as an initial or 
reference frame). This staged approach allows each component to be specialized: the LLM focuses on text, the 
image module on a single frame, and the video module on temporal dynamics. Each module can be pre-trained 
on large-scale data for its subtask (e.g., large text corpora for the LLM, image-text pairs for the image generator, 
and video datasets for the video generator) and then fine-tuned together on a smaller multimodal dataset to align 
them.

3.2   Training Strategy and Loss Functions

During training, we jointly optimize the text generation and visual generation components using a composite loss 
that combines multiple objectives. 

The text generation. loss Ltext​ is a language modeling loss that guides the LLM to produce the desired mar-
keting copy. We use a standard autoregressive cross-entropy loss: given the ground-truth text sequence T the 
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LLM maximizes the likelihood of each token in sequence. If T* = {ω1, ω2, …, ωn}, the loss is 

( )1

1 log ,n
text t tt

L P X
n

ω ω<=
= − ∑ (3)

, which is the negative log-likelihood (or cross-entropy) of the true token at each time step given the preceding 
context. This loss encourages the generated text to match the reference marketing copy in the training data.

The image generation. loss Limg, we consider two types of generative models: diffusion models and genera-
tive adversarial networks (GANs). In our implementation, the image module is a diffusion model fine-tuned for 
text-conditioned image synthesis. This study apply a mean squared error (MSE) loss on the diffusion model’s de-
noising prediction at each timestep of the diffusion process. Specifically, if zt is a noised image latent at diffusion 
timestep ϵθ​(zt​,T) is the model’s predicted noise (conditioned on text embedding T), and ϵ is the true noise added, 
the diffusion loss is 

Limg​=Et,ϵ​[∥ϵ−ϵθ​(zt​,T)∥2] (4)

. This trains the model to remove noise correctly and gradually learn to generate images that align with the text. 
If we had used a GAN-based image generator, we would include an adversarial loss: the generator would try to 
fool a discriminator on real vs generated images​, and the discriminator would be trained to distinguish them, fol-
lowing the standard GAN minimax formulation​. 

The video generation. loss Lvid​ can similarly include a diffusion loss on each frame (if using a diffusion-based 
video model) and potentially an adversarial loss via a video discriminator. In our framework, the video module 
generates frames sequentially or in parallel with temporal attention. This study apply an MSE denoising loss to 
each generated frame (treating each frame generation akin to the image diffusion process). Additionally, to en-
force temporal consistency, we introduce a video adversarial loss by training a 3D ConvNet discriminator on real 
vs fake video clips. The video discriminator looks at an entire sequence of frames and the generator tries to pro-
duce sequences that the discriminator classifies as real. The generator’s adversarial loss 

Lvid-GAN​=−E[logD(Vgen​)] (5)

and the discriminator loss is 

Ldisc​=−E[logD(Vreal​)]−E[log(1−D(Vgen​))] (6)

, where D(⋅)outputs the probability that a video is real. Adversarial training helps improve visual realism and 
temporal smoothness in the generated video. Finally, the overall training loss is a weighted sum of the above 
components: 

Ltotal​=αLtext​+βLimg​+γLvid​ (7)

 
, where α, β, γ are hyperparameters that balance the importance of text vs. image vs. video generation during 
training. By adjusting these weights, we can emphasize certain modalities. For example, in early training epochs 
we set a higher α, to ensure the LLM converges on linguistically correct text (since the language model can learn 
faster on large text data), then gradually increase β and γ to focus on improving image and video quality once 
the text generation is stable​. In our experiments, we found α =1.0, β =0.5, γ =0.5 to work well: this gave the text 
modality slightly more influence initially, preventing the language output from collapsing, while still allowing 
the visual losses to significantly shape the model’s representations. The comparison of loss function and weight 
coefficient, such as Table 1.
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Table 1. Comparison of loss function and weight coefficient

Loss term Loss function Weight symbol Weight value
Text generation loss Natural language model cross entropy loss α 1.0

Image generation loss Diffusion model MSE loss (or adversarial loss) β 0.5

Movie generation loss Diffusion model frame-by-frame MSE loss + 
Movie adversarial loss

γ 0.5

Cross-modal alignment loss CLIP Contrastive learning loss δ 0.5

3.3   Cross-Modal Alignment Mechanism

A critical aspect of training is ensuring that the content generated in different modalities is semantically aligned 
(e.g., the image and video faithfully reflect the text). In addition to the conditioning mechanism built into the 
architecture, we introduce an explicit cross-modal alignment loss to quantitatively enforce consistency. We lever-
age a pretrained multimodal embedding model (such as CLIP, which provides a joint embedding space for text 
and images). For a given training sample, once the model generates a text Tgen​ and image Igen​, we φI(∙)We then en-
courage the cosine similarity between these embeddings to be high. Concretely, if u=ΦT​(Tgen​) and v=ΦI​(Igen​), we 
add an alignment loss 

( , ) 1T I
align

u vL
u v
⋅

= − (8)

, which pushes the CLIP cosine similarity towards 1 (perfect alignment). Similarly, for the generated video 
frames Vgen we take CLIP (or a video extension of it) to encode each frame, average the frame embeddings, and 
compute a similarity to the text embedding, yielding ( , )T I

alignL  [12, 19]. These alignment losses are added to the 
training objective (with a small weight) to reinforce cross-modal semantic consistency​. Intuitively, this step uses 
external pretrained knowledge to ensure, for example, that if the text describes “a waterproof outdoor camping 
lamp,” the generated image and video both include visual elements corresponding to a camping lamp in a rainy 
or outdoor scenario. The results of the comparison of modal alignment performance are shown in Table 2.

Table 2. Comparison of modality alignment performance (CLIP similarity)

Metrics Multimodal LLM Traditional pipeline benchmark
Text-image CLIP similarity 0.31 0.25
Text-video CLIP similarity 0.35 0.30

3.4   Implementation and Hyperparameter Details
All components of the model are implemented in PyTorch. We initialize the text module with a pretrained 
1.3-billion-parameter GPT-3 style model (fine-tuned for marketing text), it can also be replaced with an open 
source base such as LLaMA. [17]. The image module with a Stable Diffusion v2 checkpoint, and the video mod-
ule with weights from a text-to-video diffusion model. We then jointly fine-tune the integrated model on our mul-
timodal dataset. To make training feasible on our hardware, we employ parameter-efficient fine-tuning strategies: 
for the large LLM, we use Low-Rank Adaptation (LoRA) to adjust only a small subset of weights rather than the 
entire network, substantially reducing memory usage [19]​. Fine-tuning is done on 3 NVIDIA 4060Ti GPUs. We 
train for 3 epochs over the multimodal dataset, using a base learning rate of 2×10−5 for text fine-tuning and 1×10−5  

for the joint multimodal fine-tuning (lower LR for joint training to avoid disrupting pretrained weights). We use 
the Adam optimizer with β1​=0.9, β2​=0.999 During inference, we apply techniques to improve output quality: 
for text generation, we use beam search with beam width 5 to find more fluent outputs, and for image/video 
generation we use 50-step DDIM sampling in the diffusion model (trading off some speed for better quality)​. 
Each input marketing case yields one generated copy, one image (at 512×512 resolution), and one video clip of 
~5 seconds (at 480p resolution and ~8 frames per second in our prototype). 
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Fig. 2. Cross-modal alignment trends

The average CLIP embedding cosine similarity between generated text and image modalities steadily increas-
es as training progresses (purple dashed line), as shown in Fig. 2. This indicates that the text, image, and video 
outputs become more semantically aligned over epochs. By epoch 5, the CLIP similarity has improved by ~0.15 
(from 0.20 to 0.35), reflecting the effectiveness of the alignment loss in Section 3.3. High cross-modal similarity 
correlates with outputs that describe and depict the same concepts, which is crucial for marketing content consis-
tency.

4   Experimental Design

To evaluate the effectiveness of the proposed multimodal LLM framework in digital marketing content creation, 
we designed a series of experiments encompassing multiple generation tasks, baseline comparisons, and quan-
titative as well as qualitative evaluations. We describe the dataset and scenarios, the baseline methods used for 
comparison, the evaluation metrics, and the experimental setup.

4.1   Dataset and Scenarios

We constructed a custom multimodal marketing dataset of real-world marketing examples. Each data case in 
the dataset contains: (1) a product or brand description (the input or prompt), (2) a professionally written mar-
keting copy (reference text output), (3) a designed promotional image for the product, and (4) in 20% of cases, 
a short promotional video clip. To simulate typical use cases, we selected three representative digital marketing 
content generation scenarios for testing the model: Text Generation, where the task is to automatically compose 
product promotional text or advertising slogans from a product description; Image Generation, where the task is 
to generate a promotional image or advertisement graphic corresponding to a given marketing copy; and Video 
Generation, where the task is to produce a short promotional video (a few seconds long) based on a textual script 
or marketing blurb. For evaluation purposes, we curated a test set of 50 diverse marketing cases with complete 
text and image pairs (10 of these also include reference videos). These authentic marketing materials (created 
by human professionals) serve as ground-truth references for our model’s outputs. The remaining cases (several 
hundred) are used for training and validation. All textual data were preprocessed by lowercasing and tokenizing 
(using the byte-pair encoding scheme from the GPT model’s tokenizer). The images were resized to a consistent 
resolution (512×512) and normalized; we also applied mild data augmentation (such as random cropping and 
color jitter) during training to improve robustness of the image generator. Video clips were trimmed or downsam-
pled to a maximum of 5 seconds and a resolution of 256×144 for training efficiency, and we extracted or encoded 
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them as sequences of image frames (e.g., 16 frames per clip) for input to the video model. It is important to note 
that in our curated dataset, the text, image, and video for each case are strongly aligned (they were originally 
created together by a marketing team). This alignment in the test set provides a reliable benchmark for evaluating 
cross-modal consistency of the model: the ideal multimodal model should reproduce a similarly tight correspon-
dence between the generated tagline, image, and video.

4.2   Baseline Models

We compare our integrated multimodal model against several baseline content generation approaches that reflect 
current industry practices or simplified versions of our framework:

Pure Text LLM + Unimodal Pipeline. This baseline simulates the conventional, disjoint workflow. First, a 
state-of-the-art text-only LLM (e.g., GPT-3 fine-tuned for marketing) generates the marketing copy. Then, the 
generated text is fed into an image generation model (such as Stable Diffusion) to create an image, and separately 
into a video generation model (such as CogVideo) to create a video. In this pipeline, each modality is generated 
independently without joint optimization. We expect this approach to produce reasonable individual outputs, but 
potentially inconsistent cross-modal semantics (since the image/video generators do not directly share informa-
tion with the text generator beyond the initial prompt). This will be referred to as the “GPT-3 Pipeline” baseline 
in results.

Multi-stage Progressive Generation. This is a sequential approach that introduces a minor integration be-
tween modalities without full end-to-end training. The LLM first generates the text copy. Then, instead of direct-
ly generating an image, we use a secondary smaller text-to-image prompt model to produce a descriptive caption 
or keywords from the copy (for example, extracting or expanding the copy into a detailed prompt). The image 
generation model uses this caption to create an image, and the video model similarly uses the combination of text 
and generated image (or an image description) to produce a video. This approach adds an intermediate adaptation 
stage (text → detailed prompt → image) compared to the pure pipeline. However, it is still not a joint training of 
all three components. We dub this the “Stepwise” generation baseline. It is essentially a simplified version of our 
framework that is not end-to-end: each step is trained or executed separately.

End-to-End Multimodal (Proposed). This is our multimodal LLM framework as described in Section 3, 
which generates text, image, and video in one unified model. The model has been jointly fine-tuned on multi-
modal data to produce all outputs simultaneously with shared latent information (deep fusion of modalities). We 
expect this approach to achieve better cross-modal consistency and possibly leverage synergies between tasks.

Human-Created Content (Upper Bound). Finally, for reference, we consider the original human-produced 
marketing materials as an upper bound on quality. For text, the human-written copy in the test set provides a 
gold-standard for content and style. For images and videos, we cannot directly compute certain metrics (e.g., a 
“ground truth” FID of a human image compared to itself would be perfect zero, which is uninformative), but we 
include human outputs in subjective comparisons. This upper bound illustrates the gap between automated meth-
ods and professional human quality.

4.3   Evaluation Metrics

We employ multiple evaluation metrics to assess the performance of each method from both text quality and vi-
sual quality perspectives, as well as how well the modalities align:

Text Generation Metrics. We use standard machine translation and summarization metrics to evaluate the 
generated marketing copy against the reference text. Specifically, we report BLEU-4​and ROUGE-L​scores. 
BLEU-4 is the geometric mean of 1-gram to 4-gram precision scores with a brevity penalty, reflecting how many 
phrases in the generated text overlap with the reference copy​. ROUGE-L measures the recall of the longest com-
mon subsequence between the generated and reference text​, which indicates how well the model covered the key 
points in the reference. In addition to these automated metrics, we conducted a human evaluation for text qual-
ity: three marketing professionals rated each generated copy on a 5-point scale in terms of semantic relevance 
(does the copy accurately reflect the product information?), attractiveness/persuasiveness (is it catchy and mar-
keting-effective?), and fluency (grammar and style). These scores are averaged to provide a human judgment of 
text quality. Human evaluation complements BLEU and ROUGE by capturing nuances like creativity and tone, 
which automatic overlap-based metrics may miss.

Image Generation Metrics. For the generated images, we quantitatively evaluate their realism and semantic 
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alignment with the text. The primary metric is Fréchet Inception Distance (FID)​, which measures the distance 
between the distribution of generated images and that of real images. We compute FID by using a pretrained 
Inception-V3 network to extract features for all generated images and all reference (ground-truth) marketing 
images, then calculate the Fréchet distance between the two Gaussian distributions of features. A lower FID indi-
cates the generated images are more indistinguishable from real ones in terms of feature statistics. Additionally, 
we use CLIP text-image similarity: for each generated image and its corresponding input text, we compute the 
cosine similarity between CLIP embeddings (as described in Section 3.3). This provides a semantic alignment 
score for each image. We report the average CLIP similarity, which indicates whether the image content matches 
the described product or scene. For human evaluation of images, the same panel of evaluators rated each image 
on visual appeal (aesthetics and clarity) and consistency with the text/brand (does the image depict the described 
product and match the brand style?), on a 5-point scale.

Video Generation Metrics. Evaluating videos is more challenging given the small sample size, but we use 
the Fréchet Video Distance (FVD) as an analog to FID. FVD is computed by extracting spatio-temporal features 
from generated and real videos using an inflated 3D Inception network (I3D) and then computing the Frechet dis-
tance between feature distributions (for the 10 test videos we have)​. A lower FVD means the generated videos are 
closer to real promotional videos in the feature space. Due to the limited test data for video, FVD may have high 
variance, so we rely more on human evaluation for video quality. The evaluators watched each generated video 
and the corresponding ground-truth video (if available) and scored the generated video on: content relevance 
(whether the video content conveys the theme or key message of the text), visual quality (clarity, resolution, and 
absence of glitches), and temporal coherence (smooth transitions and stable subjects over time). We report the 
average of these scores as a summary of subjective video quality.

Fig. 3. Text generation performance

The chart compares BLEU-4 and ROUGE-L scores of the generated marketing text across methods. The 
Multimodal LLM (orange) achieves a BLEU-4 of 0.45 and ROUGE-L of 0.62, nearly matching the GPT-3 pipe-
line baseline (0.47 BLEU, 0.64 ROUGE, red) and outperforming the stepwise approach (0.40 BLEU, ~0.55 
ROUGE, pink). This indicates that despite also handling image/video tasks, our model does not sacrifice text 
quality [15]. Error bars (not shown for simplicity) would be small given the relatively consistent performance 
across the test set. The ROUGE-L scores (right cluster) show a similar pattern, with the multimodal model cover-
ing as much of the reference content as the text-only baseline.

4.4   Experimental Setup and Parameter Settings

All models were trained and tested on a server with three NVIDIA 4060Ti GPUs (8 GB memory each). The text 
LLM baseline (GPT-3 pipeline) used a 1.3B-parameter model fine-tuned on our marketing corpus for 3 epochs at 
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learning rate 2×10−5. The image baseline uses Stable Diffusion v2 fine-tuned on our image dataset (10,000 train-
ing steps, batch size 4, learning rate 1×10−4), as shown in Table 3. The video baseline (text-to-video) uses the 
CogVideo model with publicly available weights, fine-tuned on our small video set for 5,000 steps. For our inte-
grated model, we set the weight factors as mentioned (α=1.0, β=0.5, γ=0.5) and a smaller learning rate of 1×10−5 
during joint fine-tuning to avoid disrupting pretrained weights​. We trained the multimodal model for 5,000 gradi-
ent steps (effectively 3 epochs over the data) which took about 4 hours on our setup. During text generation infer-
ence, we used beam search (beam width 5) to generate a variety of phrasing and chose the highest likelihood out-
put. For diffusion-based image generation, we used 50 inference diffusion steps with the DDIM scheduler (which 
offers a good quality-speed tradeoff), and for video generation we generated 16 frames with 50 diffusion steps 
each. Each full generation (text + image + video) takes approximately 30 seconds on our hardware, with text 
generation <1s, image ~5s, and video ~25s (processing frames sequentially)​. While this is slower than real-time, 
it is sufficient for offline content creation workflows. We did not apply any explicit content filters to the outputs 
beyond what the pretrained models already had (although in a production setting, one would include safety filters 
for brand compliance and avoidance of inappropriate content).

Table 3. Training hyperparameter setting

Training phase  Initial model/data Number of training steps Epoch learning rate
Fine-tune the text module Fine-tune tens of thousands of 

marketing copy
for 3 epochs 2×10-5

Image module fine-tuning 
Stable Diffusion v2 model

LAION commercial image subset 10000 steps 1×10-5

Video module training 
Diffusion model s 

Initialization (adding timing layer) 
hort advertisement video + MSR-
VTT/UCF101 data

20000 steps 1×10-4

Multimodal joint fine-tuning Integration of the above text/image/
video models; a small amount of 
aligned case data

About 2000 steps 1×10-5

5   Results and Discussion

We now present the experimental results, comparing the proposed multimodal LLM framework with the baseline 
methods on the three tasks. We analyze the performance in terms of the metrics described above, and discuss 
the strengths and weaknesses observed, with particular attention to cross-modal consistency and the trade-offs 
involved in joint multimodal generation. For clarity, we organize the discussion by modality (text, image, vid-
eo) followed by a discussion of overall cross-modal consistency and any emergent synergistic effects. We also 
include an analysis of computational performance (speed and resource usage) and comment on limitations. The 
model performance evaluation results are shown in Table 4, Table 5, and Table 6.

Table 4. Automated evaluation metrics

Task Metric Method Score
Text generation BLEU-4 Multimodal LLM 0.45

GPT-3 Pipeline 0.47
Stepwise Generation 0.40

ROUGE-L Multimodal LLM 0.62
GPT-3 Pipeline 0.64

Image generation FID Multimodal LLM 18.5
Stable Diffusion Baseline 17.8
Stepwise Generation 25.0

CLIP similarity Multimodal LLM 0.31
Pipeline Method 0.25

Video generation FVD Multimodal LLM 120
Stepwise Generation 150
Pure Text-to-Video (CogVideo) 100
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Table 5. Human evaluation scores

Task Evaluation Aspect Method Score (out of 5)
Text generation Semantic relevance/Fluency Multimodal LLM 4.5

Pure Text Model 4.3
Advertising appeal Multimodal LLM 3.9

Human Reference 4.8
Image generation Text consistency Multimodal LLM 4.6

Pipeline Baseline 4.0
Visual quality Multimodal LLM 4.2

Pipeline Baseline 4.2
Video generation Content relevance Multimodal LLM 4.3

Visual quality Multimodal LLM 3.5
Pipeline Baseline 3.7

Coherence Multimodal LLM 3.8
Pipeline Baseline 3.2

Table 6. Performance and Resource consumption

Task Method Generation time
Text generation Multimodal LLM < 1 second
Image generation Multimodal LLM ~ 5 seconds
Video generation Multimodal LLM ~ 25 seconds (frame-by-frame)
Full case Multimodal LLM ~ 30 seconds
Video generation Pipeline Method ~ 20 seconds

5.1   Text Generation Results

For the text generation task, our multimodal LLM produces marketing copy that is nearly on par with a dedicated 
text-only model. Quantitatively, the model achieved an average BLEU-4 score of ~0.45, only slightly lower than 
the 0.47 of the GPT-3 pipeline baseline (which uses an equivalent LLM without multimodal integration), and sig-
nificantly higher than the 0.40 BLEU of the stepwise method. In terms of content coverage, the ROUGE-L score 
of our model’s output is about 0.62, very close to the baseline’s 0.64, as shown in Fig. 3. These results indicate 
that even though our model is simultaneously generating images and videos, it does not significantly degrade in 
text generation performance. The small gap (within 0.02–0.05 absolute) between our model and the text-only 
baseline on BLEU and ROUGE suggests a slight trade-off due to multitasking, but one that is minor. Notably, 
in the human evaluations, the texts from the multimodal model were rated 4.5/5 on average for relevance and 
fluency, marginally above the pure text model’s 4.3/5. Reviewers often commented that the multimodal model’s 
copy was rich in descriptive details (likely because the model “imagined” visuals while writing). However, in 
terms of advertising appeal and creativity, the multimodal model’s text scored around 3.9, which is below the 
human-written reference copy (which scored 4.8 on average in appeal). This gap highlights that, while the model 
can produce structurally and semantically correct content, truly imaginative and persuasive marketing language 
remains a strength of human copywriters. In summary, the integrated model’s text generation is robust and only 
marginally behind a specialized LLM, with strengths in factual accuracy and descriptiveness, but it still lacks 
some creative flair compared to human-created slogans.

5.2   Image Generation Results

In the image generation task, our multimodal framework demonstrates performance close to state-of-the-art text-
to-image models, while providing better alignment with the accompanying text. The FID of images generated 
by the multimodal LLM is 18.5, which is only slightly higher (worse) than the Stable Diffusion baseline’s FID 
of 17.8 and markedly better than the stepwise method’s FID of 25.0 (lower FID is better). This suggests that 
the visual quality (in terms of realism) of our model’s images is on par with the dedicated diffusion model, and 
much better than the sequential prompt-based approach, which seems to compound errors and yield less coherent 
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images (reflected in its much higher FID). More importantly, when we examine semantic alignment, the images 
from the multimodal LLM achieve an average CLIP similarity score of 0.31 with their source text, outperform-
ing the baseline pipeline’s score of 0.25, as shown in Fig. 4. In practical terms, this means our model’s generated 
images more faithfully reflect the product attributes or scenes described in the text. For example, in one test case 
the marketing copy described a “wind-resistant camping lamp for outdoor use” – our model generated an image 
clearly depicting a lit camping lantern on a campsite, whereas the pipeline baseline produced a generic lamp im-
age that missed the outdoor context. Human evaluators rated the multimodal model’s images 4.6/5 for text-image 
consistency, significantly higher than the baseline’s 4.0/5. Interestingly, on visual quality alone (how attractive 
or well-rendered the image is), both our model and the baseline scored similarly (around 4.2/5). Reviewers noted 
that our images are generally sharp and correctly structured, thanks to the diffusion model backbone, although 
minor flaws (e.g., slightly distorted small details or text artifacts in generated images) occasionally occur. This 
indicates that our integrated approach can match specialized models on image fidelity while providing superior 
relevancy to the input text, which is crucial in marketing applications. Any small decrease in absolute image re-
alism (as hinted by the marginally higher FID) is compensated by the fact that the images are more on-point in 
illustrating the marketing message.

Fig. 4. Image generation performance

Left: Fréchet Inception Distance (FID) — lower is better. Right: CLIP text-image similarity — higher is better. 
The multimodal LLM (orange) achieves an FID of 18.5, very close to the Stable Diffusion baseline (17.8, shown 
in red), and much lower (better) than the stepwise method’s 25.0 (pink). This indicates our model’s images are 
nearly as realistic as those from a dedicated diffusion model and far more realistic than the multi-step pipeline’s 
outputs. In terms of CLIP similarity, our model’s images score 0.31, significantly higher than the baseline’s 0.25, 
demonstrating superior alignment with the textual description. (Note: “Baseline Pipeline” here refers to the sepa-
rate text-to-image generation without joint training.)

5.3   Video Generation Results

Video generation remains the most challenging modality, and all methods show a noticeable quality gap com-
pared to human-produced videos. Nevertheless, the proposed model exhibits some advantages over the baselines. 
The Fréchet Video Distance (FVD) for our multimodal LLM’s videos is approximately 120, which is substantial-
ly better than the stepwise pipeline’s FVD of 150, though not as good as the purely text-to-video model’s FVD 
of around 100 (here, lower is better). This result suggests that while our integrated model’s video quality has not 
yet matched the best specialized video generator (CogVideo in this case), it does benefit from the joint training, 
outperforming the sequential method. One hypothesis is that the multimodal model’s stronger grasp of the over-
all context (through the shared text embedding) yields videos with more relevant content, even if some fidelity 
is lost due to the complexity of the task. Indeed, in subjective evaluations, our model’s videos were rated highest 
in content relevance: evaluators gave an average score of 4.3/5 for how well the video conveyed the theme of 
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the copy, whereas the pipeline baseline scored around 3.8 and sometimes produced somewhat off-topic visuals. 
For instance, if the text was about a camping lamp, our video showed scenes of a lamp in a dark outdoor camp-
site, whereas the baseline might show a lamp but in an unrelated indoor setting. In terms of visual quality, our 
model’s videos received about 3.5/5, slightly below the baseline’s 3.7/5. Reviewers noted that the multimodal 
model’s videos occasionally had minor noise or less smooth frame transitions, possibly because our video gener-
ator (based on diffusion) was not as extensively tuned as the specialized video model. However, when consider-
ing temporal coherence, the multimodal model had an edge (rated ~3.8/5 vs. 3.2/5 for the baseline). The videos 
from our model, while not perfect, generally maintained consistent scene elements and object appearance across 
frames better than the pipeline approach, which sometimes suffered from flickering or sudden changes (likely 
since it generates frames more independently) [15]. A common failure case for our model was handling complex 
motion or fine details in longer sequences – for example, text (subtitles or logos) in generated videos often came 
out garbled, and rapid movements could cause blurring artifacts. These are known issues in current video gen-
eration research. Despite these challenges, our integrated approach demonstrates practical viability for simple 
marketing videos (such as static product showcase clips or scenes with minimal motion). It produces results that, 
while not as polished as professionally edited videos, capture the intended content and are temporally consistent 
enough for prototype demonstrations.

Fig. 5. Video generation metric (FVD)

Fréchet Video Distance for the multimodal LLM vs. baselines (lower is better). Our model’s FVD is 120 (or-
ange bar), better (lower) than the stepwise pipeline’s 150 (red), indicating a closer distribution to real videos than 
the sequential method achieves. The specialized text-to-video model (pink) still has the best FVD (100), showing 
that dedicated video models currently produce more realistic videos overall, as shown in Fig. 5. Numerical values 
are shown atop the bars. This metric, combined with subjective evaluations, suggests that while the multimodal 
LLM’s video quality lags the very best specialized model, it achieves a notable improvement in video realism 
over a naive pipeline, thanks to end-to-end training. (The relatively high FVD numbers reflect the difficulty of 
the task and the limited video data.)

5.4   Cross-Modal Consistency and Synergy

One of the key advantages of our multimodal LLM approach is the cross-modal consistency of the outputs. 
Because the text, image, and video are generated with a shared underlying representation, they tend to comple-
ment each other in content. Throughout the test cases, we observed that the generated copy and visuals usually 
centered on the same attributes. For example, in a tech product ad where the copy emphasized a waterproof 
feature, the generated image showed water droplets on the product, and the video included scenes of the product 
being used in the rain. In contrast, with the baseline pipeline method, such coherence was less reliable: the image 
or video might miss certain attributes mentioned in the text (since those models weren’t jointly trained with the 
text model). To quantify this, we measured an implicit consistency score by multiplying the CLIP text-image 
similarity and text-video similarity for each case (treating it as a joint similarity measure). The multimodal LLM 
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achieved an average combined similarity product about 15% higher than the pipeline baseline. This aligns with 
qualitative observations that our model maintains a unified theme across modalities.

Interestingly, we also noticed a form of synergistic effect in the multimodal training. In some instances, the 
quality of a single modality’s output from the multimodal model was better than that of its single-modal counter-
part. For example, certain fine details in images (like correct depiction of a product logo or a specific background 
detail) were captured by the multimodal model even when the pure image baseline missed them. We hypothesize 
that the additional context provided by the text (during joint training) helps the image generator focus on im-
portant aspects. The multimodal model effectively learns a richer representation that spans modalities, which can 
improve performance on each individual modality to a degree. However, this synergy can involve trade-offs: the 
model has a finite capacity, so optimizing for multiple outputs may lead to slight compromises. We did observe 
that, relative to an independently trained Stable Diffusion model, our model’s images were occasionally slightly 
less detailed in very fine textures – possibly because some model capacity was reallocated to handling text and 
video. Similarly, the text, while very good, might be marginally less creative because the model is also attend-
ing to how that text will condition images/videos. These small differences did not significantly affect practical 
usability in our tests, but they highlight that multitask training involves balancing priorities. Overall, the benefit 
of consistent cross-modal messaging in marketing content likely outweighs the negligible drops in per-modality 
perfection, especially for applications where a coherent story across media is desired.

5.5   Performance and Resource Consumption

Beyond content quality, we consider the computational performance and efficiency of the proposed framework, 
as these factors affect its practical deployment. Being a unified multimodal model, our system is quite large in 
terms of parameters (essentially encompassing an LLM and vision models together) and thus requires significant 
computing resources. In our tests, generating a full set of outputs for one marketing case (text + one image + one 
5-second video) took about 30 seconds on our hardware. This breaks down into less than 1 second for text, ~5 
seconds for the image (diffusion sampling), and ~25 seconds for the video frames. By comparison, the pipeline 
method, which leverages separately optimized components, was slightly faster for video (around 20 seconds for 
a similar clip using a highly optimized video generator), since our joint model’s video generation is not yet as 
efficient. While 30 seconds is far from real-time, it is acceptable for offline content creation (e.g., a marketer can 
request content and get several options back in a minute). We anticipate this speed can be improved with better 
hardware (e.g., next-generation GPUs) and by optimization techniques such as model pruning or quantization. 
One advantage of our unified approach is that it streamlines the creative workflow: instead of a marketer having 
to run three separate models and possibly adjust inputs between them, a single forward pass produces all outputs 
in a coordinated way. This can save human time in tool-switching and prompt engineering for each modality.

In terms of training efficiency, our joint fine-tuning was computationally intensive but manageable. By using 
parameter-efficient fine-tuning (LoRA) and only training for a few epochs on the aligned data, we kept the train-
ing time to a few hours. The memory overhead was significant due to the video model; however, we employed 
gradient checkpointing and mixed precision to fit within 24 GB of GPU memory (across 3 GPUs). If one were to 
scale this to larger models (e.g., a 10B parameter LLM with higher-resolution video), more advanced techniques 
or hardware would be needed. We also note that during deployment, serving such a model might require a multi-
GPU setup, which could be costly. In a production scenario, an alternative approach could be to use the multi-
modal LLM to generate initial drafts for each modality, then allow human creators to refine them. This way, the 
slowest part (video generation) could be done asynchronously or on-demand.

In summary, the multimodal LLM framework is computationally heavy but within reach of modern hardware 
for prototype-scale content generation. As hardware and model optimization techniques improve, the feasibility 
of real-time or on-the-fly multimodal content generation will increase. Importantly, even in its current form, the 
system provides a productivity boost by unifying modalities, which in practice can shorten the iteration cycle in 
marketing content creation from concept to final assets.

5.6   Limitations and Future Improvements

While our results are encouraging, there are several limitations to address in future work. First, the quality of 
the generated video content is still significantly behind professional-grade material. For high-stakes commercial 
advertisements, our model’s videos would at best serve as storyboards or rough drafts. Increasing video quality 
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likely requires incorporating much larger video datasets and possibly specialized video generation architectures. 
Using techniques like adversarial training on videos or cascaded diffusion (first generating low-res video then su-
per-resolving it) could improve clarity and smoothness. Second, the model’s creative capability and brand consis-
tency are hard to control and evaluate. The current metrics and training enforce factual and semantic alignment, 
but do not guarantee that the tone or style matches a brand’s identity. The model may also output content that is 
too generic or safe. In practice, a human-in-the-loop approach might be needed: the model can generate several 
candidates for text, image, and video, and human marketers can pick and refine the best one. This would combine 
AI speed with human creativity. Additionally, there are ethical and copyright considerations. Automatically gen-
erated images might inadvertently resemble existing artwork or trademarks in the training data, raising intellectu-
al property concerns. Videos with fictional people or characters could pose rights issues or propagate biases from 
training data. We have attempted to mitigate biased outputs by training on a diverse dataset, but it is difficult to 
eliminate all biases. Implementing a content review filter or moderation system on the outputs will be important 
for real-world deployment, to catch any inappropriate or off-brand content. In future research, we plan to explore 
even larger and more integrated multimodal models, including adding an audio generation component (for voice-
overs or background music) to create full multimedia experiences. We are also interested in applying reinforce-
ment learning from human feedback (RLHF) to fine-tune the model’s outputs toward what marketers consider 
high quality — for example, using feedback signals like click-through rates or human preference rankings to 
further refine the generation process. Finally, we aim to connect the model’s evaluation more directly with mar-
keting outcomes: rather than just computing BLEU or FID, evaluate how AI-generated content impacts viewer 
engagement or conversion rates in marketing trials. This will help quantify the true business value of multimodal 
content generation models.

6   Conclusion

This study focused on the application of multimodal large language models in generating digital marketing mul-
timedia content, examining technological innovations and evaluating performance. We proposed a novel frame-
work that combines an LLM with image and video generation capabilities to automatically produce marketing 
copy, images, and short videos from a single input. The methodology of the framework was detailed, including 
its unified architecture, joint training procedure with mixed losses, and techniques to enforce cross-modal align-
ment. Through our experimental evaluation on a curated marketing dataset, we found that the multimodal LLM 
can generate text and images of quality comparable to specialized models, while ensuring that these outputs are 
semantically consistent with each other. The video generation component, although not yet matching the fidelity 
of state-of-the-art text-to-video models, was able to produce coherent promotional clips that align with the text 
and image content. Compared to baseline approaches, our integrated model demonstrated clear advantages in 
maintaining a cohesive marketing message across different media. These results confirm the feasibility and ben-
efits of using multimodal LLMs for marketing content creation. In practical terms, such a system could enable 
marketing teams to rapidly generate draft campaign materials (slogans, product visuals, video sketches) with a 
unified theme, significantly shortening the creative design cycle. 

However, current techniques still face challenges such as improving video quality and ensuring the generated 
content meets the creative standards of human experts. Going forward, integrating additional modalities (like 
audio), scaling model size, and incorporating human feedback will likely further enhance the capabilities of mul-
timodal generative models. As the technology matures, it will be important to address ethical guidelines and es-
tablish best practices for human-AI collaboration in creative fields. We are optimistic that responsibly developed 
multimodal LLMs will become an integral part of the digital marketing toolkit, offering unprecedented efficiency 
and consistency in content creation while leaving room for human creativity and oversight.
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