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ABSTRACT: With the rapid development of generative artificial intelligence (GenAI), the task of story visualization,
which transforms natural language narratives into coherent and consistent image sequences, has attracted growing
research attention. However, existing methods still face limitations in balancing multi-frame character consistency
and generation efficiency, which restricts their feasibility for large-scale practical applications. To address this issue,
this study proposes a modular cloud-based distributed system built on Stable Diffusion. By separating the character
generation and story generation processes, and integrating multi-feature control techniques, a caching mechanism, and
an asynchronous task queue architecture, the system enhances generation efficiency and scalability. The experimental
design includes both automated and human evaluations of character consistency, performance testing, and multi-
node simulation. The results show that the proposed system outperforms the baseline model StoryGen in both
CLIP-I and human evaluation metrics. In terms of performance, under the experimental environment of this study,
dual-node deployment reduces average waiting time by approximately 19%, while the four-node simulation further
reduces it by up to 65%. Overall, this study demonstrates the advantages of cloud-distributed GenAI in maintaining
character consistency and reducing generation latency, highlighting its potential value in multi-user collaborative story
visualization applications.

KEYWORDS: Stable diffusion; story visualization; generative AI; distributed computing; cloud-based system; character
consistency

1 Introduction
Generative artificial intelligence (GenAI) is rapidly transforming the landscape of digital content

creation, particularly demonstrating significant potential in multimodal generation across images, language,
and audio domains [1]. Recent advancements in text-to-image models, such as Stable Diffusion [2],
DALL.E [3], and Imagen [4], have made it increasingly feasible to convert natural language narratives into
sequences of images, giving rise to the emerging field of story visualization. However, applying generative
models to multi-frame narrative generation still presents two major technical challenges. First, the high
computational cost and heavy reliance on hardware resources hinder real-time image generation and
seamless performance in multi-user collaborative settings. This issue is particularly pronounced in collab-
orative environments, where long generation delays become a major barrier to practical deployment [5].
Second, character consistency remains a critical issue. Since each frame is generated from independent
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latent vectors, character appearances often vary across images, disrupting narrative coherence and viewer
comprehension [6].

Although prior studies such as StoryDALL.E [7] and StoryGen [8] and DDIM [9] have sought to
improve character consistency and generation efficiency through model-level conditioning, feature transfer,
and algorithmic enhancements, they tend to overlook system-level limitations. Under single-machine
deployments, constraints in parallel generation, task scheduling, and caching mechanisms severely limit
scalability, making it difficult to support synchronous multi-user workflows or cross-device collaboration.
Therefore, rethinking the architecture of the system by integrating cloud computing and distributed coordi-
nation technologies is essential to overcoming current limitations in generation efficiency and accessibility.
This forms the key motivation of our study.

In this paper, we propose a cloud-based distributed system for story visualization, built upon Stable Dif-
fusion. The system adopts a modular architecture that decouples character generation from story generation,
and integrates multiple control techniques, including low-rank adaptation (LoRA) [10], segment anything
model (SAM) [11], IP-Adapter [12], and ControlNet [13], to enhance visual fidelity and consistency. It also
employs caching optimization and asynchronous task queue scheduling to distribute generation workloads
across multiple GPU nodes, significantly reducing user wait times. Additionally, a cloud-based web interface
has been developed to support seamless operation across devices and facilitate collaborative use.

The main contributions of this work are as follows: (1) A scalable modular generation framework that
improves task processing efficiency and deployment flexibility; (2) A distributed computing architecture
that significantly reduces generation latency and supports high-concurrency scenarios; (3) The integration
of multiple control modules to enhance character consistency across frames; (4) A cloud-based interactive
interface that improves accessibility and facilitates practical adoption of GenAI systems.

The remainder of this paper is organized as follows. Section 2 reviews the core literature on story visu-
alization, generative model development, and cloud-based distributed systems. Section 3 details the system
architecture and experimental methodology. Section 4 presents the experimental results and performance
analysis. Section 5 concludes with research findings, discusses system limitations, and outlines directions for
future work.

2 Related Work

2.1 Visual Narrative and AI-Based Story Visualization
Visual narrative refers to the communication of stories, concepts, or emotions through visual media

such as illustrations, murals, images, or animations in a coherent and structured manner to facilitate
comprehension by the audience [14]. According to Cohn’s research on visual narrative comprehension,
understanding visual narratives involves not only image continuity but also cognitive processes that integrate
visual semantics, visual grammar, and event models, indicating a high degree of similarity with language
processing [15,16]. With the increasing demand for visual communication, visual narratives have been widely
applied across diverse domains, including education, healthcare, and public health communication. In the
field of education, studies have shown that combining short visual narratives with guided questioning can
effectively enhance students’ motivation and classroom engagement, thereby improving their comprehension
and learning outcomes [17]. In healthcare, visual narratives have been employed in speech therapy for
individuals with aphasia. Therapists use visual stimuli to guide patients in practicing verbal expression,
thereby supporting language recovery [18]. Similarly, in medical education and health communication,
combining visual narratives with written descriptions has been demonstrated to improve the public’s
understanding of health-related information and to promote health literacy [19].
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Although humans are considered innately capable of understanding image sequences, the effectiveness
of such comprehension is still influenced by individual experience and age of acquisition. Studies have shown
that learners who are exposed to visual narratives earlier and engage with them consistently over time tend to
demonstrate better semantic processing and comprehension abilities [20]. Consequently, providing learners
with early and sustained exposure to visual narratives, particularly through interactive and dynamic media,
has become a key focus in recent research. Traditional visual narratives, however, often rely on manual
creation or repeated use of pre-designed images and assets. While these methods can convey narrative
content, they are constrained by labor-intensive processes and limited expressive flexibility, making it difficult
to scale or adapt content dynamically.

In this context, the rapid development of image generation technologies has prompted researchers to
explore the integration of artificial intelligence into story visualization tasks. Story visualization aims to
convert natural language narratives into image sequences that maintain both character consistency and scene
continuity to convey story content and emotion [21]. In recent years, several studies have been dedicated
to advancing story visualization, including the StoryGen model proposed by Liu et al. [8], the RCDMs
model by Shen et al. [22], and the Cogcartoon framework by Zhu and Tang [23], which demonstrate
progress in semantic transformation from language to images and in visual coherence. However, most of
these studies primarily focus on the generative models themselves and have not fully addressed the trade-
offs between output quality, character consistency, and system efficiency. In particular, ensuring consistent
character appearances across multiple frames and reducing computational latency remain critical challenges
for practical deployment.

2.2 Generative AI Evolution and Stable Diffusion
To address the key challenges of character consistency and high-quality generation in story visual-

ization, selecting an appropriate image generation model is crucial. This section reviews the evolution of
GenAI technologies, with a focus on the core components and application development of Stable Diffusion,
which serves as the foundation of the system proposed in this study. GenAI refers to a class of AI systems
capable of producing new textual, visual, audio, and multimedia content by learning latent patterns and
structures from training data [24]. According to a recent systematic review [25], mainstream generative
models can be categorized into four major types: (1) Generative Adversarial Networks (GANs), introduced
by Goodfellow et al. [26], which utilize adversarial training between a generator and a discriminator to
synthesize realistic outputs but often suffer from mode collapse due to limited sample diversity [27]; (2)
Variational Autoencoders (VAEs), proposed by Kingma and Welling [28], which combine encoder-decoder
structures and perform variational inference to model the latent space, enabling data reconstruction with
partial information loss while preserving semantic structure; (3) Transformers, introduced by Vaswani
et al. [29], which rely on self-attention and multi-head attention mechanisms to effectively capture long-
range dependencies in sequential data; and (4) Diffusion Models (DMs), first proposed by Sohl-Dickstein
et al. [30], which gradually add Gaussian noise to training data through a forward diffusion process and
reconstruct high-quality samples via a reverse diffusion process. While GANs and Transformers have played
pivotal roles in the development of GenAI, this section focuses on VAEs and DMs due to their close technical
relevance to Stable Diffusion.

Building on DMs, Ho et al. proposed the Denoising Diffusion Probabilistic Model (DDPM) in 2020 [31],
which simulates the forward diffusion as a Markov chain and approximates the reverse process using a
parameterized neural network to iteratively denoise and reconstruct data. However, DDPM requires a
large number of sampling steps for high-resolution image generation, resulting in significant computational
costs. To improve its practicality and efficiency, subsequent research introduced optimizations such as
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accelerated sampling and latent space compression [32]. For accelerated sampling, Song et al. proposed the
Denoising Diffusion Implicit Model (DDIM) in 2021 [9], which relaxes the Markov assumption and applies a
deterministic reverse process. This method allows the model to skip several diffusion steps while maintaining
comparable output quality, achieving a 10 to 50 times speedup with only minor losses in sample diversity.

In terms of latent space compression, Rombach et al. introduced the Latent Diffusion Model (LDM) in
2022 [33]. LDM seeks a perceptually equivalent but computationally efficient latent space where diffusion
processes can be conducted. It employs a VAE to compress images while preserving key semantic and
perceptual features, significantly reducing the dimensionality of the data and computational overhead. For
example, a 1024 × 1024 image can be encoded into a 128 × 128 latent representation, allowing training and
generation to occur in the latent space, thereby improving both generation efficiency and output quality.

These innovations laid the groundwork for the development of Stable Diffusion [2], which was released
as an open source model in 2022 by Stability AI and its collaborators. Leveraging the high efficiency of
LDM, SD integrates a CLIP text encoder for text-to-image generation, an optimized U-Net architecture,
and a cross-attention mechanism to enhance both image quality and flexibility. Due to its open-source
nature and extensibility, SD quickly became a mainstream generative framework and inspired a diverse
ecosystem of extensions. For instance, LoRA (Low-Rank Adaptation) [10], introduced by Hu et al. in
2023, allows fine-tuning with minimal computational cost by freezing pre-trained weights and training
a small rank-constrained adaptation module. Similarly, ControlNet [13] by Zhang et al. enables fine-
grained control through conditions such as edges, pose estimation, or segmentation maps. IP-Adapter by Ye
et al. [12] achieves effective multimodal integration of images and text through a decoupled cross-attention
mechanism. Additionally, Meta AI released the SAM [11], designed for promptable segmentation, which
combines a ViT-based image encoder, prompt encoder, and mask decoder to generate accurate masks based
on points, boxes, or text prompts. Trained on a massive image corpus, SAM demonstrates strong zero-shot
generalization capabilities, enabling high-accuracy segmentation even without labeled data.

Although this study does not aim to improve the aforementioned models directly, they serve as core
components in the integrated system design. It is worth noting that these models often face performance
bottlenecks when deployed on standalone systems due to their high computational demands, particularly
in multi-frame story generation scenarios. Therefore, leveraging cloud and distributed architectures to
support large-scale generation while maintaining efficiency and stability becomes a central challenge that
this research seeks to address.

2.3 Cloud-Based Systems and Distributed Architecture
Although Stable Diffusion and its extended ecosystem provide a powerful technological foundation

for story visualization tasks, their high computational cost and dependence on hardware resources present
significant obstacles for individual users and collaborative teams [34,35]. Traditional single-machine deploy-
ment architectures often face performance bottlenecks and inference latency issues when dealing with
high-concurrency user requests or continuous generation tasks, limiting their suitability for real-time
interaction and collaboration [36]. To address these challenges and make advanced GenAI technologies more
accessible and user-friendly, both academia and industry have increasingly explored the integration of cloud
computing and distributed systems into AI applications [37,38].

Cloud computing offers a flexible and scalable resource deployment model that shifts the computational
burden from local terminals to remote servers. This significantly reduces hardware requirements and
computational demands on the user side [39,40]. By deploying applications on cloud platforms, developers
can realize the vision of omnipresent AI, enabling users to access powerful AI capabilities from any device
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through a standard web browser, without being constrained by local hardware performance [41]. This cloud-
based collaboration model not only improves system accessibility, but also provides an essential foundation
for resource sharing and coordinated workflows in multi-user environments [42]. Numerous studies have
shown that cloud platforms can effectively support machine learning applications that require extensive data
processing and model inference [43–45].

To further enhance computational efficiency and system responsiveness, the design philosophy of
distributed systems has been introduced into AI task processing. The core idea of distributed systems is to
decompose a large computation task into smaller subtasks and distribute them across a cluster of independent
computing nodes for parallel processing [46]. Among various distributed architectures, task queue systems
have been widely adopted for handling computationally intensive tasks such as image generation due to
their asynchronous processing and load balancing capabilities [47]. A typical task queue architecture submits
generation requests to a central queue and distributes them to multiple worker nodes for execution. Celery
in combination with Redis has been widely validated as a stable and efficient solution [48].

Beyond these cloud-based architectures, distributed computing in deep learning has already demon-
strated multiple successful use cases. To address the latency issues associated with large-scale generative
models during the inference stage, several studies have proposed splitting a single generation task across
multiple GPUs using techniques such as patch parallelism, significantly accelerating the generation speed of a
single image [49]. Other research focuses on architectural improvements, shifting from monolithic designs to
modular systems by dividing traditional monolithic architectures into smaller and more manageable compo-
nents. This approach not only improves the efficiency of deployment and development, but also reduces the
computational load on individual nodes, thus enhancing overall system responsiveness and flexibility [50].
In addition, some approaches have adopted edge computing strategies, shifting data processing closer to
the data source to reduce network latency and alleviate bandwidth demands [51–53]. However, existing
research on story visualization still largely treats the generative model as a single monolithic computational
unit for deployment and optimization. Few studies have explored how to modularize complex generation
pipelines, such as separating character generation and story generation into distinct stages and assigning
them as independent tasks to multiple computational nodes for collaborative processing. This strategy could
achieve significant improvements in performance and resource utilization. Therefore, this study aims to fill
this research gap by constructing a system that integrates cloud-based collaboration with modular distributed
computing. The proposed approach aims to modularize the application of large generative models, providing
users with a more efficient, flexible, scalable, and accessible platform for story visualization.

3 Methodology
This section presents the overall architecture and implementation of the cloud-based distributed story

visualization system developed in this study. The system integrates multiple GenAI modules and adopts a
modular task design with a distributed deployment strategy to support collaborative content creation across
multiple users and devices. Notably, the system separates character generation and story generation into
distinct modules to enhance flexibility in task scheduling and resource allocation. By leveraging a multi-
node deployment architecture, the system effectively reduces generation time and improves operational
efficiency. In addition, generative AI tools (e.g., Stable Diffusion and its extensions) were used solely for
figure generation in the experiments. The following subsections provide detailed descriptions of the system
architecture, user interface and communication mechanism, character generation module, story generation
module, cloud-based distributed deployment strategy, and the analysis tools and metrics.



6 Comput Mater Contin. 2026;86(2)

3.1 Overall System Architecture
This study developed a cloud-based distributed system built upon Stable Diffusion to facilitate collab-

orative story visualization across multiple users and devices. By distributing the computational workload
across nodes, the system reduces user waiting time, enhances generation efficiency, and enables dynamic
scaling through the addition of nodes or reconfiguration of modules based on task requirements. The
overall system architecture, illustrated in Fig. 1, consists of three main components that address the technical
requirements for user interaction, image generation, and task management:

1. User Interaction Layer: The system front-end is built using FastAPI and Cloudflare. FastAPI provides the
interactive interface that allows users to input prompts, select the character or story generation module,
and review the results. Cloudflare ensures secure communication channels and cross-origin support,
thereby enhancing data transmission security and connection stability across devices and users.

2. Story Visualization Layer: The system uses Stable Diffusion as the core generative model, integrated
with advanced control modules. These include LoRA for style and character fine-tuning, SAM for
image segmentation masks, and ControlNet for pose and composition control. Character generation and
story generation are implemented as independent modules, allowing users to reuse existing character
assets without rerunning the character generation process, thereby reducing system load and improving
generation efficiency.

3. Task Management and Data Handling Layer: A distributed task queue system is implemented using
Celery and Redis to manage task scheduling. Upon receiving a user request, the system automatically
assigns tasks to idle nodes based on their real-time workloads. A data storage module is responsible
for saving generated character assets to enable reuse, thus enhancing creative efficiency and supporting
content integration across tasks.

To support multi-module distributed execution, the system was deployed across two Windows-based
workstations equipped with NVIDIA RTX 3080 and RTX 5080 GPUs, respectively. The entire platform was
developed in Python and integrates FastAPI, Cloudflare, Celery, and Redis to establish a robust and scalable
cloud-based distributed infrastructure. Stable Diffusion was configured using ComfyUI, whose workflows
were exported as APIs to support modular generation tasks.

Figure 1: System architecture of the cloud-based distributed story visualization system. The design includes the user
interaction platform, distributed task management, and image generation modules. Red arrows indicate task and data
flow across components
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3.2 User Interface and Communication Mechanism
The front-end interface of the system is implemented using FastAPI, serving as a middleware layer

that facilitates communication between users and the back-end modules. Through a web browser, users
can enter prompts to initiate character or story generation tasks and view the generated results in real
time. Due to FastAPI’s asynchronous processing and high-performance response capabilities, the sys-
tem can accommodate concurrent requests from multiple users while maintaining operational stability
and responsiveness.

To ensure secure data transmission and reliable cross-device connectivity, the system integrates
Cloudflare as a network and domain protection layer. Cloudflare provides HTTPS encryption and DDoS
mitigation, thereby enhancing the resilience and availability of the platform. This design enables users to
access the system directly from existing devices without the need for software installation, improving the
usability and accessibility of AI-based story visualization.

The system interface provides intuitive navigation, enabling users to select the character generation
module, story generation module, or gallery directly from the main interface according to task requirements.
For character generation, users input two sets of prompts: one for facial attributes and one for clothing
descriptions. The module then generates both facial and full-body images, which are combined into
reusable character assets. These assets are automatically stored in the platform database to facilitate reuse in
subsequent tasks.

During story generation, users select from previously created character assets and input narrative
prompts to generate corresponding visual scenes. All input data are formatted and transmitted via FastAPI
to a back-end task queue, where the module dynamically schedules the task to available nodes based on
real-time workload.

Upon completion, the generated images are returned to the user interface and simultaneously uploaded
to the gallery as downloadable and shareable visual resources. This design not only enhances user engage-
ment and result visibility but also promotes asset reuse and collaborative creativity, supporting diverse
applications in education, story visualization, and research contexts.

3.3 Design of the Character Generation Module
This module is designed to construct reusable character assets that serve as the foundation for the

subsequent story generation process. Built upon the Stable Diffusion XL framework, the module incorporates
fine-tuned models including LoRA Anything XL and LoRA FaceLightUp. LoRA Anything XL ensures
stylistic consistency across scenes and narrative contexts, while LoRA FaceLightUp enhances the brightness
and clarity of facial features to improve visual recognizability. The operational workflow of this module is
illustrated in Fig. 2.
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Figure 2: Design framework of the character generation module based on stable diffusion XL. Inputs consist solely of
textual prompts, while a fixed reference face image is used to guide facial generation. The module first generates the
face, applies SAM to obtain a mask, and employs IP-Adapter to embed facial features. These features are then combined
with body characteristics derived from the prompt to produce a consistent character with a fixed pose for subsequent
generation tasks

During the character generation process, the module first uses a primary prompt in conjunction with
a fixed ControlNet reference image to generate a facial portrait, ensuring positional consistency across all
characters for subsequent learning. SAM is then employed to automatically generate a facial mask. Both
the facial image and the corresponding mask are input into the IP-Adapter Plus Face model to learn the
character’s distinct facial features of the character.

Once facial generation is completed, the module generates a full-body image by combining a sec-
ondary prompt with the fine-tuned IP-Adapter Plus Face model. This stage also integrates ControlNet to
manage pose and spatial positioning, enabling consistent image alignment for subsequent cropping and
stage-wise training.

Finally, the generated facial and full-body images are stored and indexed within the system for repeated
use in the story generation module. This strategy not only enhances character consistency and visual
continuity but also reduces redundant modeling costs, thereby improving the overall efficiency and quality
of the story visualization process.
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3.4 Design of the Story Generation Module
To apply pre-constructed character assets to the task of story visualization, this module is designed

to automatically generate story images containing specified characters based on user-provided narrative
prompts. Similar to the character generation module, this module is built upon the Stable Diffusion XL
architecture and incorporates LoRA Anything XL and LoRA FaceLightUp for model fine-tuning. The design
framework of the module is illustrated in Fig. 3.

Figure 3: Design framework of the story generation module based on stable diffusion XL. The system generates an
initial scene based on the user-provided story description and captures character poses using OpenPose. The user-
selected character is first processed with SAM-based segmentation to obtain contour masks, which are then combined
with a four-stage IP-Adapter pipeline. Guided by the extracted poses, this process regenerates the scene with the
designated character, ensuring that the character maintains a consistent appearance across the entire story sequence

A key challenge addressed in this module is the accurate integration of both global and localized
character features into the generated images while maintaining a high degree of character consistency. Given
that the IP-Adapter model performs feature extraction most effectively with an input resolution of 224 × 224
pixels, this study adopts a cascade model strategy for hierarchical feature learning. By chaining multiple
IP-Adapter modules, the module enables stage-wise learning of different character body parts, thereby
enhancing both visual fidelity and consistency of the generated images.

The feature learning process begins with the preprocessing of character images. Specifically, SAM is
employed to generate precise segmentation masks for the selected character image. Since character poses
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in the system are predefined using OpenPose, the module can extract four distinct image regions: face,
upper body, lower body, and feet, based on preset coordinates. This approach simplifies traditional masking
procedures while ensuring segmentation precision.

During the feature learning phase, multiple IP-Adapter modules are sequentially connected to form
a multi-stage training pipeline. First, the facial image is fed into the IP-Adapter Plus Face module, which
specializes in capturing fine-grained facial features. The learned facial representation is then passed forward
as the foundation for subsequent modules, which progressively learn the features of the upper body, lower
body, and feet using additional IP-Adapter Plus modules. This cascade design enables the model to retain
and reinforce previously learned features while acquiring new ones, ensuring the generated images exhibit
both fine local detail and overall character coherence.

In the final image generation stage, the module first creates a reference image based on the user’s
narrative prompt and uses ControlNet to derive a corresponding pose image. These, along with the cascade-
trained character model and input prompts, are collectively passed into the Stable Diffusion XL framework
to produce story visualization images with high character fidelity and accurate pose alignment.

3.5 Cloud Deployment and Distributed Design
This system adopts a cloud-based deployment strategy and distributed architecture to address the

high computational demands of generative tasks in both single-user and multi-user environments, thereby
establishing a robust and scalable platform for story visualization.

For cloud deployment, back-end services are constructed using FastAPI, with DNS management and
security protection provided by Cloudflare. This configuration ensures ubiquitous accessibility of the AI
services, allowing users to initiate and operate story visualization tasks in real time through web browsers
on any device. It also enhances the stability and security of data transmission across the network.

From a distributed system perspective, the architecture incorporates the Celery task scheduling frame-
work along with Redis as the message broker to establish a task queue and inter-node communication
mechanism. Tasks are automatically enqueued and dispatched to available nodes, enabling concurrent
generation of character assets or story images involving specified characters. This design significantly
improves overall computational efficiency and system responsiveness.

In addition, a character asset caching and reuse mechanism is implemented to optimize cross-task
processing efficiency. Once a character generation task is completed, the resulting image data is stored
as reusable assets. When users initiate story visualization tasks involving previously generated characters,
the system directly retrieves the stored images and feeds them into the IP-Adapter for feature learning,
eliminating the need for repeated and time-consuming character generation. This approach not only
reduces redundant computation and prevents data loss common in traditional workflows, but also leverages
cloud-based and distributed collaborative design to enable asset sharing across users, thereby enhancing
collaborative efficiency and system flexibility.

3.6 Analysis Tools and Metrics
This study evaluates the system’s performance in multi-frame story visualization from two perspectives:

character consistency and system efficiency.
For character consistency, we employ the CLIP-I similarity score to quantitatively assess the semantic

similarity between each generated story frame and the corresponding reference character image produced
by the character generation module. CLIP-I is defined as the cosine similarity between image embeddings
extracted using the CLIP model. To minimize interference from background elements and non-target
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objects, each image is first processed by SAM to isolate the character region before computing the similarity.
For baseline comparison, we use the StoryGen system under identical character descriptions and narrative
prompts. Since this study focuses on the validation of system design, we selected two representative stories,
each comprising four distinct visual scenes. The average of the CLIP-I scores across the four frames is used
as a consistency metric.

To complement the automated evaluation metrics that may overlook semantic and visual details, this
study invited twenty graduate students with backgrounds in computer science and information engineering
to conduct a human evaluation of the generated results. A five-point Likert scale was employed, where
1 indicated complete inconsistency and 5 indicated high consistency. To minimize cognitive bias, the
experiment was designed as a double-blind test. Each participant observed four complete story image
sequences: two generated by the proposed system and two generated by StoryGen. The order of images within
each sequence was fixed, while the vertical arrangement of the sequences was randomized and their source
systems were not disclosed. The final evaluation scores were averaged across all participants and used as the
human evaluation metric, serving as a supplement and validation to the automated CLIP-I similarity results.

Regarding system efficiency, the total task execution time is used as the primary performance metric.
All experiments are configured to generate five 1024 × 1024 images per task, including one for character
generation and four for story visualization. The comparison includes a conventional single-node archi-
tecture and the proposed cloud-based distributed system. The baseline requires sequential processing for
character and story generation, whereas the proposed system utilizes Celery-based task scheduling and
a character asset reuse mechanism, allowing for parallel execution and reduced redundant computation.
Throughout the experiments, the system logs the full duration from task submission to image return,
enabling a comprehensive comparison of scheduling, resource allocation, and generation performance
between architectures.

Formally, the total system execution time is divided into two stages: character generation and story
generation. Let τchar

j denote the time taken by node j for character generation. The character generation time
is defined as Eq. (1):

Tchar =min
j
(τchar

j ) (1)

In the story generation phase, assume the system consists of N nodes. The generation time for each story
frame on node j is denoted as τstory

j , and the number of tasks assigned to node j is represented as n j. The
completion time for each node is defined as shown in Eq. (2):

Tj = n j ⋅ τstory
j ,

N
∑
j=1

n j = 4 (2)

Since overall story generation time is governed by the slowest node, the objective is to minimize the
total completion time by optimally distributing tasks. This optimization problem is formulated in Eq. (3):

Tstory =min
n j

max
j
(n j ⋅ τstory

j ) (3)

Accordingly, the total execution time of the system is expressed in Eq. (4):

Ttotal = Tchar + Tstory (4)
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Finally, to further evaluate the potential performance of the distributed architecture in a high-
performance environment, an additional simulation was conducted under an idealized deployment scenario
where all four nodes were equipped with RTX 5080 GPUs. Under these conditions, the analysis examined
average generation time, task completion latency, and resource utilization efficiency to assess the scalability
and stability of the proposed system in future large-scale collaborative generation settings.

Overall, this study employed CLIP-I scores and human evaluation as indicators of character consistency,
while task completion time and multi-node simulation were used as indicators of system performance,
thereby providing both objective and subjective bases for the subsequent result analysis.

4 Results
This section evaluates the proposed system in terms of character consistency and system performance,

in order to verify its feasibility and practicality in story visualization tasks.

4.1 Automated Evaluation of Character Consistency
The first part of this study evaluates character consistency to examine whether the proposed system

can effectively maintain stable character appearances across multiple frames in a story generation sequence.
Character consistency is critical in story visualization tasks, as visual coherence of characters directly
influences narrative fluency and viewer comprehension. To objectively measure consistency, we adopted
the CLIP-I similarity score, which calculates the semantic similarity of the character image features across
different frames. The existing StoryGen system was used as a baseline for comparison. In the experimental
setup, each character was used to generate four images depicting distinct scenes. The average CLIP-I score
across the four frames was computed as a quantitative indicator of character consistency. To minimize the
impact of background elements on CLIP-I similarity calculations, we further applied the Segment Anything
Model (SAM) to isolate the character regions in each image. This ensured that the similarity assessment
focused primarily on the character’s visual features.

As shown in Tables 1 and 2, the proposed system consistently outperformed StoryGen in terms of
CLIP-I similarity scores. For single-frame character similarity, the improvement ranged from 0.3% to
12.5%, indicating that the system was able to preserve character visual features more effectively in certain
scenes. At the sequence level, the average improvement across all test cases remained stable between 4.0%
and 6.8%, validating the effectiveness and robustness of the proposed system architecture in maintaining
character consistency.

Table 1: Character consistency evaluation for story 1

Frame 1 Frame 2 Frame 3 Frame 4 Average
StoryGen 0.8804 0.8834 0.8019 0.8009 0.8417

Ours 0.9058 0.8838 0.9043 0.9011 0.8988

Note: Bold numbers indicate the highest similarity scores per column.

These results further demonstrate that the feature control strategy, achieved by integrating IP-Adapter
and ControlNet modules, enables stable character visual consistency across diverse scene generation tasks,
thereby enhancing both the narrative coherence and character recognizability of the generated stories.
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Table 2: Character consistency evaluation for story 2

Frame 1 Frame 2 Frame 3 Frame 4 Average
StoryGen 0.8546 0.8543 0.8352 0.8468 0.8477

Ours 0.8749 0.8569 0.9263 0.8681 0.8816

Note: Bold numbers indicate the highest similarity scores per column.

4.2 Human Evaluation
This study further conducted a human evaluation to address the limitations of automated metrics,

which may overlook nuances of semantic alignment and visual detail. A five-point Likert scale was employed
(1 = completely inconsistent, 5 = highly consistent). Twenty graduate students with backgrounds in computer
science were invited to evaluate four story samples. For each sample, participants rated three aspects:
cross-frame character consistency, semantic alignment of each frame, and overall image quality. As shown
in Table 3, the proposed system achieved average scores of 4.23 for character consistency, 4.48 for semantic
alignment, and 4.13 for image quality, all higher than those of the baseline system, StoryGen, indicating that
participants generally recognized greater stability in character appearances and stronger semantic alignment
in the generated content.

Table 3: Results of human evaluation

Char ↑ Align ↑ Qual ↑
StoryGen 3.98 4.13 3.93

Ours 4.23 4.48 4.13

Note: Char refers to Character Consistency, Align denotes Semantic
Alignment, and Qual represents Image Quality. Bold numbers indicate
the highest scores in each column.

Feedback further highlighted that characters produced by the proposed system were less prone to defor-
mation across frames, with stable proportions, structure, and details—particularly in facial contours and
body postures—where unnatural distortions or misalignments were rarely observed. By contrast, StoryGen,
while generally maintaining character recognizability, occasionally produced imbalanced facial features or
abnormal body proportions, which created a sense of dissonance and reduced narrative immersion. This
stability advantage can be attributed to the integration of IP-Adapter and ControlNet within the proposed
system: IP-Adapter embeds visual features of reference character images into the generation process, while
ControlNet provides structural constraints through pose conditioning. Their combined effect strengthens
the stable learning of character-specific features and enhances visual consistency, thereby improving both
recognizability and narrative coherence. Overall, the human evaluation results align with the automated
evaluation outcomes, confirming the feasibility and practical utility of the proposed system in maintaining
cross-frame character consistency and semantic fidelity in story visualization tasks.

4.3 System Performance Evaluation
To quantitatively assess the efficiency of the proposed distributed architecture, we designed a perfor-

mance benchmark encompassing multi-stage generation tasks. Each task involves the generation of five
images at a resolution of 1024 × 1024 pixels, including one character image and four story images. The
total execution time, from task submission to the completion of all image generations, is used as the main
performance metric. Three system configurations were evaluated: a single-node system with an RTX 3080
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GPU, a single-node system with an RTX 5080 GPU, and a heterogeneous two-node distributed system
composed of both GPUs. The distributed system integrates Celery and Redis for task scheduling and
dynamic dispatching.

The experimental results reveal that the single-node RTX 3080 system required 697.48 s, while the RTX
5080 system completed the same task in 273.37 s. In contrast, the proposed distributed system completed
the task in only 221.9 s, significantly outperforming both single-node configurations. Further analysis of
the task allocation strategy shows that the distributed system’s scheduler dynamically assigns workloads
based on the computational capabilities of each node. In practice, the more powerful RTX 5080 node
handled the character generation and three of the story images, averaging approximately 55 s per image,
while the RTX 3080 node processed the remaining story image, which took about 140 s. This dynamic load-
balancing mechanism effectively leverages heterogeneous resources, minimizing task queuing delays and
scheduling bottlenecks.

We also examined the impact of the character asset caching mechanism on system efficiency. In a
traditional single-node architecture, if character generation is redundantly performed for each story frame,
a substantial amount of repetitive computation occurs, degrading performance. For instance, on the RTX
3080 system, enabling caching yielded a total execution time of 697.48 s. Without caching, the system needed
to regenerate the character for each frame, causing the execution time to increase to 862.84 s. Similarly, the
execution time of the RTX 5080 system rose from 273.37 s (with caching) to 399.09 s (without caching).
These results strongly validate the importance of reusing character assets in optimizing system performance
under multi-task scenarios. Fig. 4 presents a detailed comparison of performance across different system
architectures and caching strategies.

Figure 4: Execution time comparison across single-node systems (with and without caching) and the distributed
system (with caching)

The overall analysis shows that, under identical task content, the distributed system developed in this
study significantly improved processing efficiency in multi-task scenarios through two core strategies: the
task scheduling mechanism and the character cache reuse mechanism. Compared with traditional single-
node architectures, this design substantially reduced user waiting time and demonstrated its practicality
and efficiency in handling complex generative AI tasks. Furthermore, to provide a preliminary verification
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of its scalability, a simulation experiment was conducted to examine performance under a four-node
configuration, with detailed analysis presented in Section 4.4.

4.4 Simulated Multi-Node Scalability Evaluation
Due to limitations of the experimental environment, this study was unable to directly construct

a four-node RTX 5080 cluster. Therefore, a simulation experiment was conducted to supplement the
verification of system scalability. The purpose of this simulation was to estimate the potential performance
of the system under higher computational resource configurations and to compare it with single-node and
dual-node architectures.

Specifically, twenty character generation tasks and twenty story generation tasks were executed on a
single RTX 5080 node, and the execution time of each task was recorded to capture the complete time
distribution. As shown in Fig. 5, most samples exhibited stable performance, while a few tasks showed higher
latency. These outliers were likely caused by unexpected system-level interferences (e.g., cache or I/O states)
or random variations inherent to the denoising process of diffusion models. To reduce the influence of such
extreme values on overall estimation, the 95th percentile (p95) was adopted as the representative generation
time for a single node, which was then used in the task scheduling model proposed in Section 3.6. Based
on this estimation, the total task completion time under a simulated four-node RTX 5080 configuration was
calculated as 94.86 s.

Figure 5: Simulated four-node generation time distribution for 20 character tasks and 20 story tasks. The 95th
percentile (p95) of task completion time is used as the representative value for subsequent scalability analysis

As illustrated in Fig. 6, the simulated four-node architecture achieved substantially lower average
total generation times for both character and story tasks compared with single-node and heterogeneous
dual-node configurations. In particular, the total time was reduced by 65.3% compared with the single
RTX 5080 node (273.37 s), and by 57.3% compared with the heterogeneous dual-node configuration
observed in actual experiments (221.9 s). Although based on simulation, these results are consistent with
the performance trends observed in dual-node experiments, indicating that the system can maintain strong
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scalability under higher resource configurations. This provides a reasonable performance reference for future
multi-node deployments.

Figure 6: Comparison of generation waiting time across different deployment configurations. The four-node configu-
ration with caching achieves the lowest latency, demonstrating the scalability advantage of the distributed design

5 Conclusions
This study proposed and validated a cloud-based distributed story visualization system built upon a

modular task workflow, aiming to address two major challenges in generative AI for narrative sequences:
insufficient character consistency and generation latency. To achieve this goal, the system integrates caching
optimization and an asynchronous task queue mechanism, which reduce redundant computation and
enable collaborative task execution across multiple nodes. Experimental results show that the proposed
modular architecture effectively maintains cross-frame character consistency, thereby preserving narrative
coherence. In terms of performance, the dual-node deployment reduced latency by approximately 19%, while
the simulated four-node scenario achieved up to a 65% reduction, demonstrating significant operational
advantages. Overall, the findings confirm the feasibility of cloud-based distributed architectures in improving
both generation efficiency and character stability, providing a flexible and high-performance foundation for
multi-user collaboration.

Despite these contributions, several limitations remain. First, the experiments were limited to a small
number of nodes, which is insufficient to fully validate scalability and load-balancing capabilities in large-
scale environments. Second, the system has not yet been tested through long-term deployment or user studies
in real-world application contexts, making it difficult to comprehensively assess stability and interactivity
under practical operating conditions.

Future research may be extended in several directions. Large-scale distributed environments should
be employed to conduct long-term performance evaluations and dynamic node scheduling experiments,
thereby verifying the system’s effectiveness in elastic resource allocation and load balancing. In addition, pro-
viding users with greater flexibility to adjust diffusion model parameters during the generation process could
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enhance operational control and creative freedom. Furthermore, exploring more human–AI interaction-
oriented collaboration mechanisms, such as pedagogical GenAI systems designed to guide users in extending
their ideas during the creative process, could expand the potential applications of the proposed system in
education, digital content production, and beyond.
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