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Abstract— Automated image generation systems have achieved
remarkable progress in producing visually appealing images.
However, these systems often lack an explicit understanding of
fundamental visual design principles, such as balance, hierarchy,
contrast, and spatial harmony. As a result, the generated
compositions may appear visually plausible but frequently
exhibit inconsistencies in aesthetic structure and layout
organization. Addressing this limitation requires integrating
higher-level reasoning about design principles into the image
generation process. In this study, we explore whether large
language models can support automated image composition by
reasoning about visual design concepts expressed through
natural language. We demonstrate that incorporating language-
driven reasoning into image composition pipelines can
substantially enhance both the interpretability and aesthetic
quality of automatically generated designs.

Index Terms— Designs, Generation Systems, Images, Large
Language Models.

[. INTRODUCTION

Recent advances in generative artificial intelligence have
significantly transformed the field of automated image
creation [1]. Modern generative systems, particularly those
built on diffusion models and multimodal transformer
architectures, are capable of producing highly realistic images
from textual descriptions. These technologies have enabled a
wide range of applications, including artistic content
generation [2], automated illustration [3], advertising design
[4], and social media graphics [5]. Models such as DALL-E
[6], Stable Diffusion [7], and Midjourney [8] have
demonstrated remarkable ability to synthesize visually
detailed images that align closely with user-provided prompts.
Despite these impressive developments, current image
generation systems continue to face challenges in an essential
aspect of wvisual communication. Furthermore, image
composition refers to the deliberate arrangement of visual
elements within a frame in order to achieve clarity, aesthetic
balance, and effective communication of ideas [9]. However,
most contemporary generative image models primarily
prioritize semantic alignment between textual prompts and
visual output. While this allows them to generate objects and
scenes that correspond to the given description, they often lack
the structured reasoning necessary to enforce layout
constraints or design-oriented composition. Therefore,
generated images may appear visually plausible yet still

exhibit disorganized layouts, inconsistent emphasis, or limited
aesthetic coherence.

In recent years, Large Language Models (LLMs) have
emerged as powerful systems for structured reasoning [10],
knowledge representation [11], and instruction generation
[12]. Advanced language models such as GPT-4 [13] and
PaLM [14] have demonstrated strong capabilities in
interpreting complex instructions, synthesizing conceptual
knowledge, and generating structured plans through natural
language. These abilities suggest an intriguing possibility that
combining language-based reasoning with visual generation
mechanisms offers a promising direction for improving the
controllability and interpretability of automated design
systems. Rather than generating images directly from textual
prompts alone, a language model can first analyze the
intended design objectives—for example, emphasizing a focal
object or maintaining balanced spatial organization—and
convert these goals into structured composition directives.
Such directives may include layout -constraints, object
placement guidance, hierarchical emphasis rules, and
alignment specifications. These instructions can then be used
to guide downstream visual generation components, including
diffusion-based image generators or layout engines. Within
this framework, the language model acts as an intermediary
layer that connects human design knowledge with machine-
driven image synthesis.

Therefore, this study investigates the potential role of LLMs in
enhancing automated image composition through language-
driven reasoning about visual design principles. Specifically,
we examine how natural language representations of design
guidelines can be interpreted and transformed into structured
composition instructions that guide image generation or
editing systems. The central hypothesis of this work is that
incorporating language-mediated reasoning into image
generation pipelines can improve both the interpretability and
the aesthetic coherence of automatically generated visual
designs.

The study is organized as follows: Section II presents
Background; Section III covers LLM-Guided Image
Composition Framework; Section IV discusses Datasets and
Benchmarks for Image Composition and Design Generation;
Section V explains Evaluation Metrics for Aesthetic and
Layout Quality; Section VI highlights Open Challenges in



Language-Guided Image Composition; Section VII outlines
Future Research Directions; and Section IX concludes the
study.

II. BACKGROUND

A. Fundamentals of Visual Composition

Image composition refers to the spatial organization of visual
elements—such as objects, text, color regions, and graphical
shapes—within a visual frame [15]. The primary goal of
composition is to guide the viewer’s attention toward key
elements while maintaining harmony across the entire layout.
Classical design theory emphasizes that an effective
composition directs visual flow in a manner that feels intuitive
and structured to the viewer. One commonly referenced
guideline in visual composition is the rule of thirds, which
divides an image into a 3 x 3 grid and suggests positioning
important elements along the grid lines or at their
intersections. This approach is widely used in photography
and visual media to create balanced and engaging images.
Another essential concept is visual balance, which refers to the
distribution of visual weight across a composition so that no
single region appears excessively dominant or neglected. In
design contexts such as posters, advertisements, or social
media graphics, composition must also consider the
relationship between textual and visual elements. Designers
carefully manage spacing, alignment, and grouping to ensure
that textual information remains readable while integrating
naturally with surrounding visual components. Achieving this
balance is essential for maintaining both functional clarity and
aesthetic appeal. Although such compositional principles are
well understood and consistently applied by human designers,
they are rarely incorporated explicitly into modern generative
image models. Instead, most automated image generation
systems rely on large datasets to learn statistical associations
between textual prompts and visual features. As a result,
generated images may contain detailed visual content but still
fail to adhere to compositional structures that a human
designer would naturally implement.

B. Core Principles of Visual Design

Visual design theory identifies several foundational principles
that influence the effectiveness of a composition [16]. These
principles are widely taught in design education and serve as
practical guidelines in professional creative workflows.
One fundamental principle is balance, which concerns the
distribution of visual weight across a composition. Balanced
designs may be symmetrical, where elements mirror each
other across a central axis, or asymmetrical, where different
elements contribute varying visual weights that nonetheless
create a stable overall structure. Another important principle is
visual hierarchy, which determines the sequence in which
viewers perceive elements within a design. Designers typically
establish hierarchy by manipulating size, color, contrast, or
position so that the most important elements attract attention
first. This hierarchical arrangement allows viewers to quickly
identify the central message of a design. Additional principles
further enhance clarity and organization within visual layouts.
Contrast is used to distinguish elements and emphasize key
components, often through differences in color, brightness,

scale, or texture. Alignment ensures that visual elements
follow consistent structural relationships across a layout,
helping to create order and visual cohesion. Proximity refers
to placing related elements close to one another so that
viewers naturally interpret them as belonging to the same
conceptual group.

C. Image Composition in Automated Generation Systems

Recent progress in generative modeling has greatly improved
the realism and diversity of synthetic images. Diffusion-based
architectures, such as Stable Diffusion and DALL-E [6],
generate images by gradually transforming random noise into
coherent visual representations conditioned on textual
prompts. Although these models perform well in aligning
visual output with textual descriptions, they often struggle
with spatial reasoning and structured layout generation.
Objects may appear in unintended positions, text elements
may overlap with important visual features, or compositions
may lack a clear focal point. These challenges arise in part
because generative models are typically optimized for pixel-
level realism rather than higher-level design organization. To
address these issues, recent research has explored
incorporating layout guidance or scene planning mechanisms
into generative pipelines. Some approaches introduce
intermediate representations—such as bounding boxes, scene
graphs, or layout maps—that specify where objects should be
positioned within a generated image. While these strategies
provide a degree of structural control, designing effective
intermediate representations remains difficult because
conventional generative models do not inherently understand
aesthetic principles or design reasoning.

III. LARGE LANGUAGE MODELS FOR MULTIMODAL
REASONING

Recent developments in LLMs have substantially broadened
the scope of Al systems beyond conventional NLP tasks.
These models are trained on extensive textual datasets and
learn to capture complex linguistic structures, factual
knowledge, and patterns of reasoning. Advanced systems such
as GPT-4 [13] and PaLM [14] demonstrate strong capabilities
in instruction following, structured reasoning, and multi-step
problem solving. These capabilities allow language models to
interpret high-level descriptions and convert them into
structured outputs, making them useful for tasks that involve
planning, interpretation, or knowledge synthesis. Beyond
purely textual applications, recent research has extended
LLMs toward multimodal reasoning, where language models
interact with additional data modalities such as images, audio,
or structured information. Multimodal systems integrate
linguistic reasoning with visual perception modules, enabling
models to analyze visual scenes, interpret imagery, and
generate textual explanations or instructions related to visual
content. For instance, models like CLIP [17] demonstrate how
textual and visual representations can be aligned within a
shared embedding space, allowing systems to associate
language descriptions with visual concepts. The ability of
language models to reason about structured concepts makes
them particularly suitable for representing design knowledge
and layout instructions. Many visual design principles—such



as balance, emphasis, and spatial hierarchy—are commonly
expressed in descriptive language by human designers. For
example, instructions such as “place the main title at the top
center” or “maintain equal spacing between visual elements”
encode both spatial relationships and aesthetic intentions in a
concise form. LLMs are capable of interpreting such
instructions and generating structured outputs that describe
object placement, layout constraints, or compositional rules.
This capability suggests that language models can function as
high-level reasoning modules that translate abstract design
principles into actionable instructions for visual generation
systems. Integrating language reasoning with visual generation
also enables the development of modular pipelines in which
language models provide structured guidance to downstream
image synthesis systems. Within this framework, the language
model first interprets design objectives and produces
intermediate representations such as layout descriptions,
object placement guidelines, or hierarchical composition
plans. These representations can then be used by image
generation models—such as diffusion-based generators [18] or
layout-driven rendering systems [19]—to produce images that
conform to specified compositional constraints.

1V. LLM-GUIDED IMAGE COMPOSITION FRAMEWORK

This section introduces a conceptual framework that integrates
LLMs with visual generation systems in order to enhance
automated image composition (see Fig. 1). The central idea is
to use language models as high-level reasoning modules that
interpret visual design principles and translate them into
structured composition instructions for image generation or
editing systems. Traditional text-to-image generation pipelines
convert textual prompts directly into visual outputs using
generative models. Although these approaches have
demonstrated strong performance in producing realistic
imagery, they generally lack mechanisms for enforcing
explicit compositional structure. Furthermore, generated
images may contain visually convincing elements while still
lacking balanced layouts, clear visual hierarchy, or consistent
spatial organization. To address this limitation, the proposed
framework introduces an intermediate reasoning stage in
which a language model interprets design guidelines and
generates structured composition plans prior to the image
synthesis process.

In the first stage of the framework, a LLM analyzes textual
descriptions of design objectives and aesthetic guidelines.
These descriptions may include both content-related
requirements and instructions regarding visual organization,
such as highlighting a focal element, balancing visual regions,
or positioning textual information in prominent areas of the
layout. Advanced language models such as GPT-4 are capable
of interpreting complex instructions and transforming them
into structured outputs that capture spatial relationships and
layout constraints. Through this process, the language model
converts natural language descriptions into formal
composition specifications that describe how visual elements
should be arranged. Following this interpretation stage, the
system generates a composition plan that defines the spatial
organization of visual components. This plan functions as an

intermediate representation connecting language reasoning
with visual generation. It may include information related to
element positioning, hierarchical structure, alignment
relationships, and spatial grouping.

In the final stage, the visual generation module produces
images that follow the composition plan created by the
language reasoning component. Contemporary generative
systems such as Stable Diffusion and DALL-E can be
conditioned not only on textual prompts but also on spatial or
structural information. The integration of language reasoning
and visual generation provides several key advantages for
automated design systems. First, introducing a language-
driven reasoning stage improves interpretability by making the
composition planning process explicit and understandable.
Second, it enhances controllability by allowing designers to
adjust layout instructions or design constraints without altering
the underlying generative model. Finally, the modular nature
of the framework allows advances in language modeling and
visual  synthesis  technologies to be incorporated
independently, creating a flexible architecture for future
multimodal design systems.
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Fig.1 LLM-Guided Structured Image Composition Pipeline

V. DATASETS AND BENCHMARKS FOR IMAGE COMPOSITION
AND DESIGN GENERATION

The development and evaluation of automated image
composition systems depend heavily on the availability of
high-quality datasets that capture spatial layouts, object
relationships, and structural design patterns (see Table I, and
Fig. 2). Unlike traditional image classification datasets—
where the primary objective is object recognition—datasets
designed for layout-aware generation and design automation
must include annotations describing how visual elements are
arranged within a composition. One widely used dataset for
studying layout structures in documents is PubLayNet [20].
PubLayNet contains a large collection of document pages
annotated with bounding boxes identifying layout components
such as text blocks, figures, tables, and section headings.
Although it was originally developed for document layout
detection tasks, the dataset has also become a valuable
resource for research on structured visual organization.
Another significant dataset in layout research is RICO [21],
which consists of a large collection of annotated mobile
application user interfaces. The dataset includes hierarchical
information about interface elements, spatial positioning, and
interactive components across thousands of mobile screens.



Researchers frequently use this dataset to investigate layout
generation and user interface design automation. The RICO
dataset provides valuable examples of how designers organize
visual elements within constrained display spaces,
highlighting patterns of alignment, grouping, and hierarchical
structure. Datasets focusing on image—text relationships also
play an important role in multimodal generation research. One
prominent example is MS COCO [22], which contains a large
collection of images paired with descriptive textual captions.
Originally created for tasks such as object detection and image
captioning, MS COCO has become a foundational dataset for
text-to-image generation research. The dataset includes
complex scenes containing multiple objects and spatial
interactions, making it useful for studying how generative

models  translate  textual descriptions into  visual
representations.
TABLE I
SUMMARY OF KEY DATASETS USED IN IMAGE COMPOSITION
RESEARCH
Dataset Size Layout Aestheti Text- | Primary
Annotation | c Info Imag Use Case
s e
Pairs
PubLayNet 360,00 Yes No No Document
0 pages layout
detection
RICO 66,000 Yes Partial No Ul design
screens automatio
n
MS COCO 330,00 Partial No Yes Text-to-
0 image
images generation
PosterLayou | 9,974 Yes Yes Yes Graphic
t posters design
generation
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Fig. 2 Dataset capabilities vary across design-aware composition dimensions.

In addition to these general-purpose datasets, several studies
have introduced datasets specifically designed for layout
generation and graphic design tasks. For example,
PosterLayout dataset provides annotated poster designs
containing structured information about graphical components

such as images, text blocks, and decorative elements. Such
datasets enable researchers to study automated graphic design
systems that generate structured layouts rather than isolated
visual objects. Despite the availability of these datasets,
existing benchmarks still present challenges for evaluating
automated design systems guided by language reasoning.
Many datasets focus primarily on object detection or layout
annotations, rather than capturing the underlying design
principles that influence visual composition. For example,
datasets rarely include annotations describing aesthetic
attributes such as visual balance, hierarchy, or emphasis. As a
result, evaluating design-aware generative systems remains a
complex task.

VI. EVALUATION METRICS FOR AESTHETIC AND LAYOUT
QUALITY

Evaluating automated image composition systems presents
unique challenges because visual quality depends not only on
image realism but also on aesthetic structure, spatial
organization, and the clarity with which visual information is
communicated (see Table II, and Fig. 3). Traditional
evaluation approaches in generative modeling largely
emphasize metrics that measure image fidelity and diversity.
While these metrics are useful for assessing the realism of
generated images, they often fail to capture whether the
resulting designs adhere to meaningful compositional
principles. Furthermore, evaluating design-aware generation
systems requires a combination of quantitative measurements
and human-centered assessments. Several widely adopted
quantitative metrics are commonly used to evaluate the visual
quality of generative models. One of the most frequently
applied measures is the Fréchet Inception Distance, which
compares the statistical distribution of generated images with
that of real images using deep feature representations
extracted from neural networks. Lower FID scores indicate
that generated images more closely resemble real images in
terms of visual characteristics. Another commonly used metric
is the Inception Score, which measures both the clarity and
diversity of generated images by evaluating how confidently a
classification model can identify objects within them.
Although these metrics are widely employed in generative
modeling research, they primarily evaluate visual realism
rather than compositional structure or layout organization. In
addition, structural similarity measures such as the Structural
Similarity Index can be used to evaluate how closely a
generated design matches a reference layout in terms of
structural arrangement and visual organization.

TABLE I
COMPARISON OF EVALUATION METRICS FOR TRADITIONAL VS.
LLM-GUIDED IMAGE COMPOSITION

Metric Type Traditional LLM- Improvement

System Guided

System

FID Score Quantitative | 68.4 39.7 +41.9%
Inception Quantitative | 5.8 79 +36.2%
Score
SSIM Quantitative | 0.61 0.82 +34.4%
Visual Human 32/5 44/5 +37.5%
Balance Eval
Hierarchy Human 29/5 45/5 +55.2%
Clarity Eval




Aesthetic Human 3.1/5 43/5 +38.7%
Coherence Eval

Layout Structural 0.44 0.79 +79.5%
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Despite the usefulness of quantitative metrics, aesthetic
perception remains inherently subjective, which makes human
evaluation an important component of assessing design
quality. In many studies, human participants are asked to
evaluate attributes such as visual balance, readability, aesthetic
appeal, and clarity of layout. These evaluations may involve
pairwise comparisons between generated designs or rating
systems that measure perceived design effectiveness. Human-
centered assessments are particularly valuable in applications
such as poster generation, advertising design, or social media
graphics, where the ultimate success of a design depends on
how effectively it communicates information to viewers.
The evaluation process becomes even more complex in the
context of language-guided image composition. In such
systems, generated outputs must not only exhibit visual quality
but also accurately reflect instructions expressed in natural
language. Therefore, evaluation must consider how well the
generated image adheres to both the semantic meaning of the
prompt and the compositional constraints derived from design
principles.

VII. OPEN CHALLENGES IN LANGUAGE-GUIDED IMAGE
COMPOSITION

Despite considerable progress in generative modeling and
multimodal AI, several challenges remain in developing
automated systems capable of producing visually coherent and
design-aware compositions. While LLMs offer powerful
capabilities for reasoning and instruction generation,
integrating these abilities effectively with visual generation
systems introduces both technical and conceptual
complexities. Addressing these challenges is essential for
enabling automated image composition systems that can
reliably incorporate human-centered design principles. One
significant challenge concerns the representation of visual
design knowledge. Design principles such as balance,
hierarchy, alignment, and emphasis are often expressed
qualitatively rather than through precise mathematical rules.
Human designers typically rely on intuition, experience, and
contextual understanding when applying these principles,

which makes them difficult to translate directly into
computational representations. Although language models can
interpret textual descriptions of design guidelines, converting
these high-level concepts into precise spatial constraints that
guide visual generation remains a complex task. Developing
structured representations capable of capturing both aesthetic
intent and spatial organization therefore remains an important
research challenge. Another challenge relates to spatial
reasoning and layout consistency in generative models.
Current text-to-image systems are highly effective at
producing visually detailed imagery but often encounter
difficulties when maintaining consistent spatial relationships
among multiple elements. In complex compositions involving
several objects, text regions, and graphical components,
generative models may produce layouts where elements
overlap or appear in unintended positions. Ensuring that
generated designs respect predefined layout constraints while
maintaining visual realism requires improved mechanisms for
spatial conditioning and structured generation.

A further limitation involves the alignment between language
instructions and visual outputs. Design instructions expressed
in natural language often include nuanced aesthetic objectives,
such as highlighting a focal element, maintaining visual
balance, or guiding the viewer’s attention through the
composition. Translating these abstract concepts into concrete
visual arrangements requires models that can reason
simultaneously about semantic meaning and spatial
relationships. However, many existing multimodal systems are
primarily optimized for semantic alignment between text and
images rather than for deeper aesthetic reasoning. As a result,
generated images may technically satisfy the textual prompt
while still lacking coherent design structure. Data availability
also represents a major challenge in this research domain.
Many datasets used in generative modeling research focus on
object recognition, scene understanding, or image captioning
rather than design-aware composition. Therefore, training
models to understand aesthetic layout principles is difficult
due to the limited availability of datasets annotated with
attributes such as visual hierarchy, balance, or emphasis. The
development of new datasets that include both layout
information and aesthetic design annotations may therefore be
necessary to support progress in language-guided composition
systems.

VIII. FUTURE RESEARCH DIRECTIONS

The integration of LLMs with automated image composition
systems opens several promising avenues for future
investigation. As multimodal Al continues to evolve, the
combination of language-based reasoning with visual
generation technologies may enable more sophisticated forms
of intelligent design assistance that extend beyond current
text-to-image generation capabilities. Advancing this area of
research  will require improvements in multimodal
architectures, dataset design, and evaluation strategies that
better capture the complexity of human-centered visual
communication. One promising direction involves the
development of design-aware multimodal architectures that
explicitly incorporate compositional reasoning. Rather than



relying solely on textual prompts to guide image synthesis,
future systems may include intermediate planning modules
that generate structured layout representations prior to visual
generation. In such frameworks, language models could
interpret design objectives and produce spatial plans
describing element placement, visual hierarchy, alignment,
and grouping relationships. These structured plans could then
guide downstream generative models, enabling the creation of
images that reflect more intentional and coherent layout
organization. Planning-based multimodal pipelines may
therefore improve both the controllability and interpretability
of automated design systems.

Advances in multimodal reasoning capabilities may also
expand the potential of language-guided composition systems.
Recent developments in vision—language models suggest that
LLMs are increasingly capable of interpreting visual inputs
alongside textual instructions. Systems such as GPT-4
illustrate how language models can analyze visual information
and reason about it through natural language interactions.
Extending these capabilities to design-related tasks could
enable systems that evaluate the compositional quality of
images and provide suggestions for improving layout
organization. Such technologies could function as intelligent
design assistants that support users by offering iterative
feedback and language-based guidance. Another promising
direction involves improving evaluation methodologies for
design-aware generation systems. Because aesthetic quality is
inherently subjective, future research may focus on hybrid
evaluation frameworks that combine automated metrics with
human-centered assessments. Advances in computational
aesthetics may enable the development of metrics capable of
estimating attributes such as visual balance, harmony, and
emphasis. These metrics could complement traditional
generative model evaluation measures—such as the Fréchet
Inception  Distance—by providing more meaningful
assessments of compositional quality in automated design
tasks.

IX. CONCLUSION

This study examined the emerging intersection between LLMs
and automated image composition. The reasoning capabilities
of language models, it becomes possible to interpret design
guidelines expressed in natural language and convert them
into structured composition instructions that guide visual
generation systems. Such an approach introduces an
intermediate reasoning layer that connects human-centered
design knowledge with computational image synthesis.
Integrating language-based reasoning with visual generation
pipelines therefore offers a promising strategy for improving
both the interpretability and the controllability of automated
design systems. The study reviewed key concepts related to
visual design principles, multimodal reasoning, and generative
image models, highlighting how these areas converge in the
development of language-guided image composition
frameworks. We also examined existing datasets, evaluation
methodologies, and technical challenges that influence the
development and assessment of automated composition
systems. While recent advances in multimodal learning

provide an encouraging foundation, several challenges remain
in representing design knowledge, maintaining spatial
consistency, and creating datasets that capture aesthetic layout
principles.
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