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Abstract

This thesis explores the use of AI-based image generation to visualize potential physical
changes resulting from adherence to personalized meal plans provided by the Smart Eating
Platform. The central goal is to generate realistic image transformations that reflect antici-
pated changes in body composition, thereby enhancing user engagement and motivation.

To identify suitable image generation techniques, we conducted manual testing of sev-
eral models and selected two open-source methods, ControlNet and Null-text Inversion,
for deeper evaluation. Both were systematically assessed by generating several hundred
images using different combinations of input images, prompt templates, and parameters.
This evaluation led to the identification of an optimal parameter set for each model.

During the course of the project, OpenAI released the GPT-4o image generation model.
Although introduced too late for inclusion in the full evaluation pipeline, it was informally
tested and showed superior performance in both realism and fidelity to the original image.
As a result, GPT-4o was integrated into the final system alongside the two open-source
pipelines.

The full solution consists of a modular system architecture with a Python-based FastAPI
backend and a React.js frontend. The backend pipeline handles parameter validation, con-
verts meal plans into descriptive textual prompts (termed ”reflection in appearance”), and
generates corresponding images using the selected image model. The system supports
both OpenAI’s GPT-4o and Qwen3 as language backends, and allows users to select be-
tween the three image generation pipelines based on their preferences or technical con-
straints.

A user study with nine participants was conducted to evaluate image quality and prompt
adherence. GPT-4o emerged as the most reliable and well-rated model overall. ControlNet
outperformed Null-text Inversion in average ratings, although with greater variability. These
findings validate the decision to include multiple generation backends, providing both high-
fidelity results and privacy-conscious alternatives for local execution.

In summary, this thesis presents a flexible, user-configurable pipeline for meal plan–driven
image transformation, contributing a novel motivational tool to the Smart Eating Platform.
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Management Summary

This thesis explores how AI-generated images can be used to visualize the physical effects
of personalized nutrition plans, as offered by the Smart Eating Platform. The goal was to
develop a visual feedback system that helps users stay motivated by showing them what
they might look like after following their selected meal plan.

To achieve this, we developed a prototype that lets users upload an image, select a meal
plan, and choose both a language model and an image generation model. The system
then generates a realistic image showing the potential physical transformation, based on
the selected inputs.

Three different AI image generation models were integrated: ControlNet, Null-text Inversion,
and OpenAI’s GPT-4o. Each model offers different advantages—such as realism, adherence
to instructions, or local execution, allowing users to select the option that best fits their needs
or privacy preferences.

The project was carried out within a 16 week timeframe and included research, experimen-
tation, technical implementation, user evaluation and documentation. Despite the limited
time, a fully functioning end-to-end system was delivered.

User testing with nine participants showed that GPT-4o provided the most consistent and
realistic results. However, the inclusion of open-source models ensures that the system
remains flexible and usable even without internet access or external dependencies.

Overall, the solution adds value to the Smart Eating Platform by giving users a more engag-
ing and motivational experience, helping them stay committed to their dietary goals.
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Chapter 1

Introduction

This thesis builds on recent developments in AI-based image generation and personalized
health applications. While nutritional platforms offer precise dietary guidance, they often
lack intuitive or emotional feedback. By combining structured dietary input with realistic,
AI-generated visual projections, this work aims to bridge that gap, providing users with a
motivating and personalized view of potential physical change.

1.1 Initial Situation

Recent advancements at the intersection of arti�cial intelligence (AI), computer vision, and
personal health tracking have led to new possibilities in digital wellness applications and
photorealistic image synthesis. Generative models, particularly Generative Adversarial Net-
works (GANs) and diffusion models, have demonstrated exceptional capabilities in produc-
ing high-�delity, realistic images of human faces, including tasks such as age progression,
emotional modulation, and facial style transfer [1], [2]. Simultaneously, the growth of per-
sonalized nutrition and �tness applications, such as MyFitnessPal, Noom, and Cronometer,
underscores a societal shift toward proactive health management. These platforms enable
users to track dietary intake, macronutrient distribution, and caloric expenditure, offering a
data-centric view of personal wellness.

One of our academic advisors is the owner of a smart eating platform that exempli�es this
convergence. The platform provides personalized meal plans tailored to individual users'
dietary goals, preferences, and physical activity levels. It dynamically adjusts recipes and
nutritional recommendations based on user feedback, creating a highly individualized di-
etary experience.

Despite the technical sophistication of such platforms, they typically offer feedback in ab-
stract numerical forms, like calories, macronutrients, and target weights. While this data is
clinically useful, it often lacks intuitive appeal. Research in behavioral science and health
communication suggests that visual and narrative feedback signi�cantly enhances user mo-
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tivation, adherence, and emotional engagement in wellness interventions [3], [4]. Yet, few
platforms offer personalized visual projections of how adherence to a given meal plan might
in�uence the user's physical appearance over time.

This thesis explores the potential of controlled image generation, conditioned on individ-
ualized meal plans and user pro�le data, as a novel approach to bridging this gap. By
transforming a user's portrait image to re�ect projected physical outcomes of dietary behav-
ior (e.g., weight change, muscle development, or improved vitality), such a system can offer
an intuitive and emotionally resonant complement to traditional health data.

1.2 Problem Statement

As users follow their personalized plans on the Smart Eating Platform, visualizing the po-
tential physical effects of their dietary choices can serve as a powerful source of motivation.
By generating realistic previews of anticipated changes, the system encourages continued
engagement and helps users stay committed to their health goals.

Although the foundational technologies for image generation and nutritional analysis are
independently mature, their integration poses a number of signi�cant challenges. One of
the central issues lies in semantic alignment: translating a meal plan, typically formatted as
structured text or JSON, into meaningful conditioning variables for image synthesis requires
careful modeling. Nutritional properties such as caloric intake, protein density, and activity
levels must be mapped to physiologically plausible visual changes, such as alterations in
facial adiposity or muscular de�nition.

Moreover, physical transformation is inherently a temporal process. The body does not
change instantaneously in response to diet; instead, these changes occur incrementally
over days, weeks, or months. Thus, an effective system should be capable of modeling
and visualizing this progression through temporally coherent sequences of images. This is
particularly important for maintaining user engagement and setting realistic expectations.

Finally, the success of such a tool hinges on the quality of the user interface. Users should
be able to upload meal plans and pro�le pictures easily and preview and download gen-
erated images. Accessibility, responsiveness, and transparency are all essential design
considerations.

1.3 Objective

This thesis aims to design and develop a controlled image generation system that transforms
a user's pro�le picture based on a given meal plan. The goal is to offer a personalized,
interpretable, and temporally dynamic visual representation of potential physical changes
informed by nutritional inputs.

To support this goal, the system was developed as an independent web application. Users
interact with a standalone frontend that enables uploading of structured meal plans and a
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pro�le image. Upon submission, this information is sent to a backend pipeline that parses
the meal plan, summarizes its nutritional properties, and generates the modi�ed images.
While this tool is conceptually designed for potential integration with existing smart eating
platforms, such as the one operated by our advisor, it is implemented and evaluated here as
a standalone system to support modularity, experimentation, and clearer analysis.

The system accepts meal plans in structured formats (e.g., JSON) and uses a language-
based analysis pipeline to derive semantically rich interpretations of the nutritional input.
Speci�cally, the raw meal plan is passed directly to GPT-4o, which performs a qualitative
assessment of the dietary contents, including estimated caloric surplus or de�cit, macronu-
trient emphasis (e.g., high-protein, high-carb, or low-fat), and inferred lifestyle activity lev-
els. Based on this analysis, GPT-4o returns a natural language summary describing the
expected visual changes in physical appearance, such as “increased muscle de�nition,”
“gradual fat loss,” or “visible signs of improved skin tone.”

This textual description of expected physical outcomes is then converted into model-speci�c
prompts for downstream image generation. Depending on the user's choice, these prompts
are formatted and routed to one of the supported back-end pipelines: ControlNet, Null-text
Inversion, or GPT-4o image generation. Each model offers different advantages. ControlNet
provides more consistent image structure and layout, Null-text Inversion tends to better fol-
low the intended transformation described in the prompt (sometimes at the cost of identity
preservation), and GPT-4o enables high-quality, natural language-driven edits.

A web-based interface allows users to interact with the system seamlessly. It supports
image and meal plan upload, parameter customization, model selection, and preview and
download functionality.

The implementation is encapsulated within a modular Python package, supporting extensi-
bility and integration with external platforms. This modularity allows for iterative updates to
the meal plan parser, image transformation modules, or user interface. An accompanying
API facilitates potential integration into broader smart health ecosystems.

In synthesizing structured dietary data into visually grounded, personalized outcomes, this
research contributes a novel tool that supports digital health literacy, fosters self-awareness,
and enhances user motivation through AI-driven visualization.
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Chapter 2

Background

For our thesis, we require two different types of AI models, one one hand, we need language
models. On the other hand, we need models capable of processing a user's image and
modifying it based on their past diet. Speci�cally, the model should take an image and the
past diet as inputs and generate a corresponding modi�ed image as output. To achieve this,
we can leverage denoising diffusion models, which are well-suited for high-quality image
generation and transformation tasks.

2.1 Denoising diffusion models

Denoising diffusion models are a class of generative models used for image synthesis. The
generation process begins with a forward diffusion phase, in which noise is gradually added
to a clean image over a �xed number of steps, ultimately transforming it into pure noise.
This process is governed by a prede�ned noise schedule. In the subsequent reverse dif-
fusion phase, the model learns to iteratively predict and remove the noise at each step,
progressively reconstructing the original image from the noisy input.

Many modern generative image models, including Stable Diffusion, use a mechanism called
Classi�er-Free Guidance (CFG) to control the trade-off between �delity to the conditioning
input (e.g., a text prompt or an image) and the model's creative freedom.

Originally introduced to improve sampling quality in text-to-image generation, CFG modi�es
the denoising process during inference by interpolating between an unconditional and a
conditional output. The level of guidance is controlled by a scalar value called the CFG scale.
Higher values enforce stronger adherence to the conditioning input, while lower values allow
for more variation and deviation.

Depending on the application, the CFG scale can be applied to different types of conditioning
inputs. For instance, in InstructPix2Pix, both an image CFG scale (guiding adherence to the
original image) and a prompt CFG scale (guiding adherence to the textual instruction) can
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be adjusted independently.

Tuning these parameters allows users to balance prompt sensitivity with identity preservation
or structural consistency, making CFG a critical factor in the behavior and output quality of
many image generation pipelines.

2.2 Image Editing with Diffusion Models

To start off, we looked for base models, which might be able to ful�ll our needs. Speci�cally,
we looked at 3 different models: InstructPix2Pix [5], ControlNet [6] and Null-text Inversion
[7].

2.2.1 InstructPix2Pix

InstructPix2Pix is a diffusion-based image editing framework designed to modify images
based on natural language instructions. Unlike traditional generative models that require
explicit editing masks or guidance signals, InstructPix2Pix �ne-tunes a diffusion model to
interpret and apply changes directly from text commands. By training on paired data of
source images, edited images, and textual descriptions, the model learns to perform a wide
range of edits, from simple color adjustments to complex object transformations. Its ability
to generalize across various image domains makes it a versatile tool for interactive editing
applications, reducing the need for manual intervention in image editing.

2.2.2 ControlNet

ControlNet enhances the controllability of diffusion models by incorporating additional con-
ditioning inputs such as edge maps, depth maps, and keypoints. This method allows �ne-
tuned structural preservation during image generation, making it particularly useful for ap-
plications requiring precise control. By introducing trainable control layers that in�uence the
diffusion process without disrupting the pretrained generative capabilities, ControlNet en-
sures that outputs adhere closely to user-speci�ed constraints. This framework signi�cantly
improves the practicality of diffusion models for real-world design and editing tasks, offering
a balance between creative �exibility and structural accuracy.

2.2.3 Null-text Inversion

Null-text Inversion is a technique designed to enhance image editing capabilities within dif-
fusion models by re�ning the text embedding process. Instead of relying solely on direct
textual prompts, this method optimizes the null-text embeddings, the parts of the model
that de�ne what remains unchanged, allowing for more controlled and localized edits. By
aligning the diffusion process with the original image's latent space, Null-text Inversion en-
sures that modi�cations affect only the intended areas while preserving overall consistency.
This approach is particularly bene�cial for tasks requiring �ne-grained alterations, such as
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facial expression adjustments or background modi�cations, making it a powerful tool for
high-�delity image re�nement.

2.2.4 OpenAI GPT-4o

OpenAI's GPT-4o image generation model introduced a novel approach to image generation
based on an autoregressive transformer architecture [8]. Unlike traditional diffusion models,
which iteratively re�ne a noise vector to converge on an image, autoregressive models gen-
erate images token by token in a sequential manner, modeling pixel or patch dependencies
similarly to how language models generate text.

This architectural difference leads to several practical advantages. Autoregressive models
tend to excel at preserving global coherence and structural alignment with the input, includ-
ing facial identity and background consistency. They are also more capable of producing
exaggerated or expressive visual changes in response to prompts, making them particu-
larly effective in tasks like facial editing, character transformation, and scene conditioning.
However, these more pronounced transformations are not always desirable, especially in
applications where subtle, physiologically realistic changes are preferred.

2.2.5 Newer and Other Diffusion Models

Numerous other models are available online—for example, Flux—but we deliberately nar-
rowed our focus to a curated set of models that we assessed as both high-performing and
practical for our use case. Notably, during the midpoint of our project, OpenAI announced
a new image generation model that signi�cantly outperformed most existing open-source
alternatives.

2.2.6 Related Work

Recent advances in generative AI have led to a range of methods for controllable image
editing and appearance manipulation, many of which are relevant to this thesis. While no
prior work has addressed our speci�c goal, generating future appearance predictions based
on meal plans, there are several related domains that inform our approach, particularly in
facial editing, attribute-based transformation, and conditional image synthesis.

Attribute-based facial editing A number of early works focused on editing human faces
by altering speci�c attributes such as age, weight, or facial expression. One notable example
is AttGAN [9], which employs an attribute classi�er to guide the generation of facial features
while preserving identity. Similarly, StarGAN v2 [10] supports multi-domain image-to-image
translation and allows users to modify facial attributes such as age or skin tone with high
visual �delity. These models introduced the idea of localized, semantically meaningful edits,
but typically rely on �xed attribute sets and do not support free-text conditioning.
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Identity Preservation in Image Editing Identity preservation has emerged as a crucial
challenge in personalized image editing tasks. FaceShifter [11], for example, offers a high-
�delity face-swapping approach that uses a two-stage architecture to explicitly decouple
identity and pose information. Its design enables realistic and occlusion-aware swaps,
achieving strong identity retention even under extreme conditions. Another signi�cant con-
tribution in this area is DreamBooth [12], which extends diffusion-based image generation
through subject-speci�c �ne-tuning. Given a small number of input images, DreamBooth
adapts the model to recognize and reproduce unique identity features, allowing for person-
alized text-to-image generation. Although computationally more intensive, it delivers high
accuracy in preserving facial characteristics across diverse prompts and contexts.

These methods illustrate different strategies for combining semantic control with identity con-
sistency and underscore the importance of balancing realism, expressiveness, and faithful-
ness in image-based transformation tasks. Our work complements this landscape by com-
paring multiple open-source and proprietary models in terms of prompt adherence, identity
preservation, and applicability in health-oriented use cases.

2.3 Large Language Models

Large Language Models (LLMs) are sophisticated neural architectures trained on massive
amounts of textual data. These models exhibit advanced capabilities in understanding, gen-
erating, and transforming human language, making them indispensable tools for tasks such
as summarization, translation, code generation, semantic reasoning and much more. Within
our image generation pipeline, LLMs play a critical role in interpreting user prompts and con-
verting them into structured, machine-interpretable summaries. In our project, we are using
two large language models: GPT-4o from OpenAI and Qwen3 [13] hosted on the LLMHub.

2.3.1 OpenAI

Our primary language understanding component is the GPT-4o model developed by Ope-
nAI. As a state-of-the-art multimodal LLM, GPT-4o demonstrates exceptional performance
in natural language understanding and generation across diverse contexts.

2.3.2 LLMHub

To enable ef�cient inference in computationally constrained or cost-sensitive scenarios,
we utilize the Qwen3-30B-A3B-GPTQ-Int4 model hosted on LLMHub. This model is a 4-
bit quantized implementation of the original Qwen3-30B-A3B architecture—a Mixture-of-
Experts model with 30.5 billion parameters, only 3.3 billion of which are dynamically acti-
vated per task. The quantized variant maintains the original model's 131k token context
window while signi�cantly reducing computational resource requirements, making it suitable
for ef�cient local deployment and scalable inference in environments where cloud-based
solutions are impractical or costly [13].
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Chapter 3

Requirements

In this part of the documentation, we will de�ne our requirements for the software part of
this project.

3.1 Functional Requirements

The functional requirements de�ne the core capabilities and behaviors the system must
exhibit to ful�ll its intended purpose. These requirements specify how the system should re-
spond to speci�c inputs, perform particular tasks, and interact with users and other systems.

Each requirement speci�es the following details:

• ID: the ID of the Functional Requirement, unique to each FR

• Requirement: The description of the requirement itself.

• Priority: The priority level of the FR

• Input Type: What is the input / How does the requirement start?

• Output/Result: What is the result / output of the requirement?

• Acceptance Critera: What does it need to ful�ll, to be declared as done.

3.1.1 User Interface

The following functional requirements are about the possibilities of our User Interface (UI).

8



ID FR 1.1
Requirement The UI must accept a meal plan.
Priority High
Input Type JSON �le
Output/Result Meal plan is shown in the meal plan text�eld.
Acceptance Criteria Meal plan is shown inside of the meal plan

text�eld and is used when calling the API.

Table 3.1: Detailed View of Functional Requirement FR 1.1

ID FR 1.2
Requirement The UI must accept a user's picture (image

�le).
Priority High
Input Type Image �le (JPEG/PNG)
Output/Result The image is shown in the image �eld.
Acceptance Criteria The image is saved in-memory and used when

calling the API.

Table 3.2: Detailed View of Functional Requirement FR 1.2

ID FR 1.3
Requirement The UI must be able to trigger a generation

using its parameters and show the result.
Priority High
Input Type Click on generate button
Output/Result The re�ection in appearance and the trans-

formed image are shown.
Acceptance Criteria As soon as the generation is �nished, the re-

sults are shown to the user.

Table 3.3: Detailed View of Functional Requirement FR 1.3
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ID FR 1.4
Requirement The UI must allow users to preview and down-

load the modi�ed images.
Priority High
Input Type Click on resulting image (Triggers download)
Output/Result The transformed image is downloaded.
Acceptance Criteria As soon as the generation is �nished, the re-

sult will be shown and the image is download-
able via clicking.

Table 3.4: Detailed View of Functional Requirement FR 1.4

ID FR 1.5
Requirement The UI must not allow users to use Null-text

inversion and LLMHub in combination.
Priority High
Input Type -
Output/Result -
Acceptance Criteria The UI does not allow the usage of LLMHub

with Null-text Inversion in any way.

Table 3.5: Detailed View of Functional Requirement FR 1.5

3.1.2 Prompt generation

The prompt generation requirements de�ne, in what way the meal plan must be processed
inside of the Python package in the Prompt generation part.

ID FR 2.1
Requirement The package must summarize the meal plan

into a few key sentences.
Priority High
Input Type Meal plan data
Output/Result Summary text
Acceptance Criteria The summary is generated and used in the

next step of the prompt generation.

Table 3.6: Detailed View of Functional Requirement FR 2.1
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ID FR 2.2
Requirement The package must use the summary of the

meal plan to create image model speci�c
prompts.

Priority High
Input Type Meal plan summary
Output/Result image model speci�c prompt
Acceptance Criteria The s

Table 3.7: Detailed View of Functional Requirement FR 2.2

ID FR 2.3
Requirement The package must use the selected LLM.
Priority High
Input Type LLM selection
Output/Result Correct model is chosen.
Acceptance Criteria The model, which was chosen in the LLM se-

lection, is used for the whole prompt genera-
tion.

Table 3.8: Detailed View of Functional Requirement FR 2.3

3.1.3 Image Generation

The requirements regarding image transformation are related to the image generation step
in our Python package pipeline.

ID FR 3.1
Requirement The system must use AI-based image pro-

cessing to modify the user's pro�le picture
based on the given prompt

Priority High
Input Type Image, Image model speci�c Prompt gener-

ated from the prompt generation step
Output/Result Transformed image
Acceptance Criteria A transformed image is returned.

Table 3.9: Detailed View of Functional Requirement FR 3.1
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ID FR 3.2
Requirement The system must use the selected image

model by the user.
Priority High
Input Type Image model selection
Output/Result Correct model is chosen
Acceptance Criteria The image model selection parameter uses

the correct image model

Table 3.10: Detailed View of Functional Requirement FR 3.2

3.1.4 Python Package

This part of the requirements de�nes the functionality of the Python package.

ID FR 4.1
Requirement The whole image generation pipeline should

be implemented as a Python package.
Priority High
Input Type -
Output/Result -
Acceptance Criteria When the pipeline is implemented as a Python

package

Table 3.11: Detailed View of Functional Requirement FR 4.1

ID FR 4.2
Requirement The package takes in and validates the inputs.
Priority High
Input Type image, meal plan, model selections and API

keys
Output/Result cleanly saved parameters
Acceptance Criteria The inputs are validated and saved in an ob-

ject

Table 3.12: Detailed View of Functional Requirement FR 4.2
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ID FR 4.3
Requirement The package returns the edited image and a

re�ection in appearance.
Priority High
Input Type all package inputs
Output/Result transformed image, re�ection in appearance
Acceptance Criteria After generation in the package the re�ection

in appearance and the transformed image are
returned.

Table 3.13: Detailed View of Functional Requirement FR 4.3

3.1.5 API

The API is the part of the backend, that connects the Python package to the frontend. It
features several endpoints for most combinations of image model and LLM.

ID FR 5.1
Requirement The API should provide endpoints to integrate

into other platforms (e.g., the smart eating
platform, in this case, it is our frontend), that
want to use the Python package.

Priority High
Input Type -
Output/Result -
Acceptance Criteria There are endpoints to use our Python pack-

age.

Table 3.14: Detailed View of Functional Requirement FR 5.1

ID FR 5.2
Requirement The endpoints should be segregated using the

Interface segregation principle.
Priority Medium
Input Type -
Output/Result -
Acceptance Criteria There are endpoints segregated using the In-

terface Segregation Principle.

Table 3.15: Detailed View of Functional Requirement FR 5.2
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ID FR 5.3
Requirement The API should be able to handle multiple re-

quests by using a queue and processing each
image generation individually and sequentially.

Priority Medium
Input Type Multiple requests
Output/Result Results from each request
Acceptance Criteria The API is able to accept multiple requests,

enqueues them, and works off each request,
and provides a result for each request.

Table 3.16: Detailed View of Functional Requirement FR 5.3

3.2 Non-Functional Requirements

In this part of the thesis, we will describe the Non-Functional requirements of our software.
While de�ning our Non-Functional requirements we have tried to be either Speci�c, Mea-
surable or even both if possible

3.2.1 Landing zones

The table 3.17 displays the landing zones for each described zone. Each zone has three
different values:

• Minimum: A minimum value, which should be the lowest goal to reach for.

• Regular: An average value, which is ideal if reached, but not the best outcome.

• Outstanding: A high target, which is the best outcome, but not the standard.

Description Minimum
(Within)

Regular
(Within)

Outstanding
(Within)

Prompt generation duration 10s 3s 1s
Image model transformation duration 2m 40s 20s
Full pipieline duration 2m 1m 25s

Table 3.17: Landing zones for Non-functional requirements

3.2.2 Performance

In this subsection, we will describe the Non-Functional requirements de�ned and related to
performance, as visible in the table .
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ID Requirement
NFR 1.1 One full image generation using the Python package should process and

generate a transformed image within the landing zones 3.17 de�ned for one
full pipeline duration for a standard input image (512x512 pixels).

NFR 1.2 In the process of the generation of an image, the subprocess Prompt gen-
eration within the Python package, should adhere to the prompt generation
duration de�ned in the landing zones 3.17 average-length meal plan (30 days
of meals).

NFR 1.3 The image transformation in the image generation step of the Python pack-
age pipeline, should be within the landing zones3.17 de�ned for a single
image transformation measuring only duration used to generate the image
using an image model. All three models (OpenAI, ControlNet, Null-text In-
version), which are integrated into the Python package, should adhere to the
de�ned landing zones.

Table 3.18: Non-Functional Requirements for Performance and Ef�ciency

3.2.3 Accuracy and Realism

ID Requirement
NFR 2.1 The AI-generated pro�le pictures should be realistic and visually plausible,

avoiding extreme distortions.
NFR 2.2 The system must prevent exaggerated transformations that could mislead

users.
NFR 2.3 The transformation should re�ect aspects such as: weight gain, weight loss,

muscle growth, overall athleticism and for example tiredness (all according to
the meal plan constellation).

Table 3.19: Non-Functional Requirements for Accuracy and Realism

3.2.4 Security and Privacy

This part describes the Non-functional requirements related to security and privacy in our
software.

ID Requirement
NFR 3.1 An uploaded image goes through the whole application. When the image

is used to start a generation, the image must be used in-memory and must
never be stored persistently.

Table 3.20: Non-Functional Requirements for Security and Privacy
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3.2.5 Maintainability and Extensibility

ID Requirement
NFR 4.1 The system should be modular. This means that it should allow and provide

good extensibility.

Table 3.21: Non-Functional Requirements for Maintainability and Extensibility

3.2.6 Usability

This section shows all non-functional requirements, related to usability. In our case it is
related to the UI.

ID Requirement
NFR 5.1 The UI should be simple and intuitive, allowing users to upload images and

meal plans effortlessly. The generation should be able to started with a sim-
ple click and the results should be shown to the user, without the need for
effort.

NFR 5.2 The UI should be responsive and work on both desktop and mobile devices.

Table 3.22: Non-Functional Requirements for Usability

3.2.7 Compatibility

The last part of the non-functional requirements include the compatibility of our system.

ID Requirement
NFR 6.1 The Python package must be compatible with 3.9+.
NFR 6.2 The UI should support major web browsers (Chrome, Firefox, Edge, Safari).

Table 3.23: Non-Functional Requirements for Compatibility
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Chapter 4

Exploration

This chapter documents the exploratory phase of the project, in which various image gen-
eration models were tested to gain an understanding of their behavior. Before committing
to a systematic evaluation framework, we conducted hands-on experiments with a range
of architectures to better understand their capabilities, limitations, and suitability for visual-
izing diet-induced physical changes. These early trials helped shape our model selection,
interface design, and parameter con�gurations for the remainder of the thesis.

4.1 Initial Testing

A main part of this thesis is the evaluation of the main three models: InstructPix2Pix, Con-
trolNet and Null-text Inversion. As an initial step, we conducted extensive hands-on testing
with these models to better understand their behavior. These early experiments helped us
identify promising directions and informed the design of our later, more systematic evalua-
tions.

4.1.1 Initial Experimentation with Pix2Pix

In the early stages of this project, we conducted exploratory testing using the Pix2Pix frame-
work to evaluate its potential for controlled image transformation based on semantic input.
Speci�cally, we experimented with the InstructPix2Pix model, which extends the original
Pix2Pix formulation by conditioning transformations on natural language instructions [5].
Our primary goal was to test whether the model could generate subtle, realistic changes,
such as increased muscularity or weight gain, while maintaining the identity and appearance
of the original person.

For initial evaluation, we used the publicly accessible demo1. This platform allowed us
to quickly iterate on prompts and parameters without the overhead of local deployment.

1https://huggingface.co/spaces/timbrooks/instruct-pix2pix
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Users are provided with only two tunable parameters: the image CFG scale and the prompt
CFG scale. The image CFG controls how closely the output adheres to the original image,
while the prompt CFG controls how strongly the model follows the textual instruction. We
experimented with various combinations, typically varying the image CFG between 1.0 and
2.0, while changing the text CFG between 5.0 and 8.0.

Despite this parameter tuning, we found the model dif�cult to control in a consistent or mean-
ingful way. Prompts with similar wording often resulted in drastically different outcomes, and
the transformed images frequently deviated from the original identity. In some cases, the
model produced plausible results, where the output re�ected the intended transformation
reasonably well, even if facial resemblance to the original subject was only moderately pre-
served (see Figure 4.1). However, in other cases, such as the prompt ”make him chubbier”,
the model generated unrealistic or exaggerated features, such as bloated facial structures
or distorted proportions (see Figure 4.2). These issues persisted even with conservative
CFG settings.

Figure 4.1: Prompt “make him more muscular” yields an acceptable transformation. Original
photo by Charles Etoroma from Unsplash
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Figure 4.2: Prompt “make him chubbier” results in a distorted and unrealistic image. Original
photo by Charles Etoroma from Unsplash

Overall, InstructPix2Pix lacked the precision and identity retention necessary for our use
case. The unpredictable prompt response and exaggerated outputs made it unsuitable for
visualizing realistic, health-related body transformations. These �ndings informed our deci-
sion to move toward more controllable and consistent architectures, namely ControlNet and
Null-text Inversion.

4.1.2 Initial Experimentation with ControlNet

Following our evaluation of InstructPix2Pix, we turned our attention to ControlNet, a more
advanced method for conditioning image generation on structured input such as edge maps,
depth maps, and poses. To assess its capabilities, we began with the publicly available web
demo2, which offers a simpli�ed interface for prompt-based image generation using a variety
of conditioning modes.

Initial results were promising. Although the generated images showed substantial changes
from the original inputs, the subject's core body and facial features were often retained,
resulting in outputs that maintained a recognizable resemblance to the source person. This
marked a clear improvement over InstructPix2Pix, which frequently distorted identity, facial
structure and the overall picture composition.

The demo interface provided a limited number of parameters to control generation. We
experimented with different conditioning methods, including Canny, MLSD, Scribble, Open-
Pose, and Depth. Among these, the Depth mode, particularly with the DPT preprocessor
enabled, delivered the most consistent and visually plausible results. It preserved important

2https://huggingface.co/spaces/hysts/ControlNet-v1-1
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facial contours and structural details, which are critical for maintaining subject identity during
transformation.

However, the web interface constrained deeper experimentation. Many advanced parame-
ters, such as the number of diffusion steps, guidance scales, and prompt weighting, were
available only in limited form, and the demo lacked batch processing or reproducibility tools.
To overcome these limitations and allow for more �ne-grained control, we transitioned to a
local deployment using the Automatic1111 Stable Diffusion WebUI.

4.2 ControlNet

To gain more granular control over the generation process and overcome the limitations of
the online demo, we installed the Stable Diffusion WebUI by Automatic1111 and integrated
the ControlNet extension. This local setup enabled us to �ne-tune key parameters, test var-
ious ControlNet layers, and experiment with custom prompts and models in a reproducible
environment.

Through iterative testing, we adjusted core generation parameters such as the classi�er-
free guidance (CFG) scale, the number of inference steps, and the adherence to prompt
weighting. Among these, the most impactful change was reducing the Denoising strength
parameter from its default value of 0.75 to approximately 0.35. This adjustment signi�cantly
improved the identity preservation of the generated images. At this setting, the outputs
retained most of the visual characteristics of the original input image, including background
and clothing, while re�ecting only the changes speci�ed in the prompt, such as weight gain
or weight loss. This was a critical breakthrough in our research, as earlier attempts had
failed to achieve both realism and prompt �delity simultaneously.

In parallel, we explored the impact of different ControlNet conditioning modes—speci�cally,
scribble-based conditioning and depth maps. To better understand how these in�uenced
the visual quality and identity preservation of outputs, we generated paired examples un-
der both settings using identical prompts and generation parameters. The differences were
subtle but informative: depth-based conditioning yielded slightly more coherent and realis-
tic facial features (see Figure 4.3, while the scribble-based method introduced minor arti-
facts, particularly in facial regions (see Figure 4.4. These variations were most noticeable in
the expression and symmetry of facial components, even though the overall transformation
strength and structure remained nearly identical. The relatively small difference is likely due
to the low denoising strength, which limits the in�uence of the conditioning input. Based
on these observations, we opted to use depth conditioning as the default for subsequent
evaluations, as it offered a slight advantage in identity �delity.
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Figure 4.3: ControlNet result using depth conditioning. Left to right: input image, depth map,
generated output. Original photo by Paguiloumathi from Pixabay

Figure 4.4: ControlNet result using scribble conditioning. Left to right: input image, scribble
layer, generated output. Original photo by Paguiloumathi from Pixabay

Despite these improvements, we still encountered a major limitation. While body features
and context were now handled effectively, facial realism remained a consistent weakness.
Faces often appeared distorted, asymmetrical, or uncanny, detracting from the overall qual-
ity of the output. At this stage, we were still using the default Stable Diffusion 1.5 base
model.

To address this, we replaced the base model with Juggernaut XL v9, a high-�delity, realism-
optimized model available via Hugging Face [14]. This change had an immediate and no-

21



ticeable impact. Facial features became signi�cantly more realistic and symmetrical, and
the identity of the subject was preserved to a much higher degree. Compared to previous
results, the images now displayed both the semantic accuracy described in the prompt and
the visual coherence needed for realistic, identity-consistent transformations.

This phase marked the most successful point in our testing pipeline, representing the cul-
mination of iterative improvements to both model selection and parameter tuning. The com-
bination of ControlNet with low denoising strength and Juggernaut XL as the base model
delivered the best balance of prompt adherence, identity preservation, and photorealism
that we had achieved thus far.

4.3 Null-text Inversion

After completing a series of experiments with ControlNet, we turned our attention to Null-text
Inversion, a method introduced by Mokady et al. [7] that allows editing real images by lever-
aging diffusion guidance while preserving key visual features. We aimed to test whether this
approach could offer more semantically coherent and identity-preserving transformations
than earlier methods.

For initial testing, we used the of�cial Jupyter notebook provided by the authors in their
GitHub repository3, which supports Null-text Inversion as an extension of their Prompt-to-
Prompt framework. The work�ow requires an input image and a caption describing the
scene or subject. Modi�cations are made by editing speci�c words or phrases in the caption,
which then guide the transformation process. For instance, changing ”a slim man in a blue
shirt” to ”a muscular man in a blue shirt” triggers the generator to adjust the body type while
retaining other elements of the image.

The results from this notebook were visually plausible and semantically aligned with the
prompts. However, identity preservation remained inconsistent. Although some edits were
subtle and effective, others introduced noticeable shifts in facial features or proportions.
Compared to ControlNet, Null-text Inversion produced more variable outputs with higher
degrees of randomness and less structural consistency.

Despite these issues, the method showed enough potential that we planned a systematic
evaluation. To do this, we needed the ability to automatically generate a sequence of outputs
using different parameter settings. However, automating the Jupyter notebook proved to be
a major technical obstacle. The notebook relied heavily on global variables and session-
speci�c states, making it resistant to modularization or scripting. Attempts to rework the
notebook into a Python script or structured module were unsuccessful despite signi�cant
effort.

As a workaround, we decided to use a simpli�ed Null-text Inversion pipeline developed by
one of our advisors. This alternative implementation enabled us to perform batch generation,
which was essential for our evaluation process. However, it came with certain limitations.

3https://github.com/google/prompt-to-prompt
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Unlike the original notebook, which supported output resolutions up to 1024� 1024 pixels,
the advisor's pipeline was restricted to 512� 512 resolution. Furthermore, the only param-
eter exposed to the user was the classi�er-free guidance (CFG) scale, reducing �exibility
during experimentation.

Despite these trade-offs, the pipeline allowed us to proceed with systematic image genera-
tion and evaluation. Although we lost some image �delity and parameter control, the ability
to scale the process was essential for carrying out our planned comparisons and perfor-
mance assessment.

4.4 Prompt Engineering

A critical component of our system is the ability to convert structured dietary data into
prompts suitable for image generation. Since the quality and speci�city of the prompt have
a direct impact on the realism and semantic accuracy of the resulting image, we dedicated
a signi�cant portion of our development effort to designing a robust and automated prompt
generation strategy.

To this end, we leveraged a large language model (LLM) as an intermediate layer between
the user's dietary input and the image generation model. Based on the nutritional character-
istics and inferred lifestyle patterns extracted from the meal plan, the LLM generates a tex-
tual description — a “re�ection in appearance” — that summarizes how the person's physi-
cal features might change. This re�ection is then reformulated into model-speci�c prompts,
tailored to the requirements of each image generation pipeline.

4.4.1 Keyword Discovery and Iterative Re�nement

Before designing the �nal prompt templates, we conducted extensive hands-on testing to
identify which keywords produced the most reliable and semantically appropriate transfor-
mations across different models. Early experiments revealed that some adjectives yielded
more consistent and realistic edits than others, even when the intended transformation was
similar.

For example, prompts containing the word chubby tended to produce more plausible weight
gain effects than alternatives such as heavy. Similarly, combinations like lean and athletic
outperformed simpler descriptors like thin in producing toned, healthy-looking results. These
�ndings emerged from iterative trials using the image generation models with varying prompt
formulations.

As a result, we compiled a set of effective keywords that consistently triggered the desired
semantic and visual outcomes. These terms were embedded directly into the prompt en-
gineering instructions provided to the language model. By explicitly referencing successful
examples, such as “make the person look lean and athletic with vibrant skin” or “make the
person look extremely obese and less vibrant”, we ensured that the LLM-generated prompts
would include these high-impact keywords.
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This iterative re�nement process improved the stability and quality of the generated images
by equipping the language model with both the semantic context and speci�c keywords
needed to produce reliable and visually coherent transformations across different image
generation pipelines.

4.4.2 Prompt Structure for ControlNet

ControlNet expects short, descriptive commands that directly communicate the intended vi-
sual change. These prompts typically follow a directive format, e.g., “make the person look
slightly chubbier” or “make the person look lean and athletic with vibrant skin.” To ensure
consistency, we developed a structured instruction that the LLM uses to generate such di-
rectives from the intermediate re�ection (see Listing 3). Several examples are embedded in
the instruction to demonstrate the desired output format and vocabulary.

Example instruction to LLM for ControlNet:

“You get information on how a person has changed after following a certain
lifestyle called 'Re�ection in appearance'. Create a concise description of how
the person has changed in one precise sentence...”

This approach results in prompt outputs that are concise, semantically aligned with the meal
plan, and reliably compatible with ControlNet's inference pipeline.

4.4.3 Prompt Structure for Null-text Inversion

Null-text Inversion operates differently: it requires a textual caption of the base image and
performs localized editing based on minimal prompt modi�cations. Therefore, instead of
generating an entirely new description, the LLM modi�es the existing image caption by in-
jecting transformation-related adjectives in front of the subject noun.

For instance, the original caption “a man sitting in a kitchen” might be transformed into “a
slightly chubby man sitting in a kitchen.” To guide the LLM in performing these edits with
consistency, we created an instruction with examples that demonstrate how to rephrase the
caption while keeping sentence length and structure close to the original (see Listing 4).

Example instruction to LLM for Null-text Inversion:

“Using the base prompt given about a person, replace or extend the sentence
using the changes re�ecting their appearance. Place the new appearance as
an adjective in front of the subject...”

This formulation preserves the spatial and stylistic integrity of the original image while ap-
plying the semantic transformation with high precision.
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4.4.4 Summary

Both prompt generation strategies were implemented as part of a backend module that auto-
matically selects the appropriate template based on the user's choice of image model. This
architecture ensures a seamless and consistent transformation pipeline while minimizing
manual intervention.

By combining language generation with visual conditioning, this prompt engineering ap-
proach enables the system to produce personalized, meaningful, and visually coherent out-
puts from structured nutritional data.

4.5 Systematic Evaluation

To move beyond anecdotal testing and subjective impressions, we conducted a structured
evaluation of the image generation models under controlled conditions. This phase aimed
to assess how different parameter settings in�uence image quality, realism, and alignment
with the intended appearance changes described in the prompts. By generating and com-
paring a large number of images under consistent conditions, we were able to identify model
behaviors, performance trends, and optimal con�gurations.

4.5.1 Elo Scoring System for Image Evaluation

To rank the visual quality and prompt alignment of generated images, we implemented an
evaluation interface based on the Elo scoring system. Originally developed by Arpad Elo for
ranking chess players [15], the Elo algorithm has been widely adopted in machine learning
to model relative preferences from pairwise comparisons. A notable example is its use in
reinforcement learning from human feedback, where it enables effective ranking of agent
behaviors without requiring exhaustive comparisons [16]. These characteristics make Elo
particularly suitable for our application, where a large number of images need to be com-
pared ef�ciently and fairly.

Scoring Logic Each image begins with an initial score of 1000. When a user selects a
winning image in a battle, the scores of both the winning and losing image are updated
based on the Elo formula:

E =
1

1 + 10(R loser� Rwinner)=400

R0
winner = Rwinner + K (1 � E )

R0
loser = Rloser + K (0 � E)

Here, R is the current Elo score, R0 the updated score, E the expected outcome, and K
a constant that controls sensitivity (set to 32 in our system). The greater the difference in
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