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Abstract : Artificial Intelligence (Al) has transformed image generation through diffusion models like Stable Diffusion, DALL-E, and
Midjourney. The FLUX series, created by Black Forest Labs, enhances Al-driven image synthesis with two models—FLUX.1 [dev] and
FLUX.1 [schnell]—designed to optimize quality and speed. This study analyzes these models in terms of inference efficiency, output
quality, and adaptability, focusing on LoRA (Low-Rank Adaptation) fine-tuning using the ostris/flux-dev-lora-trainer. Experimental
findings reveal the trade-offs between FLUX.1 [dev]’s high-resolution output and FLUX.1 [schnell]’s faster processing. Additionally, the
research explores LoRA’s role in improving model customization, providing insights into cost-efficient Al image generation techniques.

Index Terms - Flux, Image, Model, Al, Fine-Tuning, Quality, Speed, LoRA, Training, Al Image Generation.
l. Introduction

Artificial Intelligence (Al) has transformed image generation by enabling the creation of high-quality visuals based on textual descriptions.
Advanced diffusion models like Stable Diffusion, DALLE, and Midjourney have opened new possibilities in digital art, design, and
creative industries. However, improving these models in terms of efficiency, speed, and customization remains an ongoing challenge.

The FLUX series, developed by Black Forest Labs, presents an innovative approach to Al-driven image generation, offering faster
inference times, superior output quality, and enhanced customization. This series includes two key models—FLUX.1 [dev] and FLUX.1
[schnell]—each designed to balance quality and speed for different use cases. Additionally, LORA (Low-Rank Adaptation) training,
implemented through the ostris/flux-dev-lora-trainer, allows users to fine-tune these models for unique artistic styles, specific objects, or
personalized datasets.

This paper examines the comparative performance of FLUX.1 [dev] and FLUX.1 [schnell], evaluating factors such as inference steps,
output quality, aspect ratios, and computational efficiency. Furthermore, it explores the impact of LoRA fine-tuning in enhancing model
adaptability while managing computational costs.

Through experimentation and analysis, this study aims to refine Al image generation workflows by identifying the most suitable FLUX
model for different applications and assessing the effectiveness of LoRA training in personalizing Al-generated visuals.
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1. Background Study
2.1 Al Image Generation and Diffusion Models

Diffusion models have emerged as a leading approach in Al-powered image generation. These models generate images by gradually
refining random noise until the output aligns with a given text prompt. Stable Diffusion, for instance, has shown impressive capabilities
in creating photorealistic images while remaining accessible through open-source platforms.

The FLUX.1 models build on these innovations by introducing specialized architectures designed for efficiency. FLUX.1 [dev] focuses
on producing high-quality, detailed images, whereas FLUX.1 [schnell] prioritizes speed, making it well-suited for real-time applications.

2.2 Comparative Analysis of FLUX.1 [dev] and FLUX.1 [schnell]

Several factors, including prompt strength, aspect ratio, output quantity, guidance scale, and megapixel resolution, impact the performance
of these models. Benchmarking them across various scenarios is essential to determine their optimal use cases. While both FLUX models
share a similar foundational architecture, they are optimized for different purposes :-
1. FLUX.1[dev] prioritizes high-resolution image generation, utilizing more inference steps to enhance detail and precision.
2. FLUX.1 [schnell] focuses on speed, delivering faster results at the cost of some image quality, making it well-suited for real-time
applications.

2.3 Fine-Tuning Al Models with LoRA (Low-Rank Adaptation)

Traditional fine-tuning of large Al models demands significant computational resources, including high-performance GPUs and extensive
training datasets. LORA (Low-Rank Adaptation) offers a more efficient alternative by modifying only a small portion of the model’s
parameters, thereby reducing both memory usage and computational costs.

By applying LoRA techniques, users can improve the flexibility of FLUX.1 models, enabling them to generate highly customized visuals
suited for both artistic and professional applications. The ostris/flux-dev-lora-trainer provides a streamlined way to fine-tune FLUX.1
[dev] with custom datasets. Key functionalities include :-

1. Trigger words for embedding new styles or concepts into the model.

2. Automatic captioning to enhance training data.

3. Hyperparameter tuning, including adjustments to learning rate, batch size, and optimizer settings.

4. Integration with Hugging Face and W&B (Weights & Biases) for monitoring training progress.

1. Related Work and Theoretical Foundations
3.1 Al Image Generation and Diffusion Models

Al-driven image generation has rapidly advanced, with diffusion models becoming the dominant framework. Early approaches, such as
Denoising Diffusion Probabilistic Models (DDPMs) introduced by Ho et al. (2020), established a method for generating high-quality
images by iteratively refining noise. Later, Stable Diffusion (Rombach et al., 2022) improved upon this technique by incorporating latent
diffusion models (LDMs), which reduced computational demands while preserving photorealistic quality.

Recent advancements have focused on enhancing efficiency, flexibility, and user control in diffusion models. Systems like Imagen (Saharia
et al., 2022) and DALLE-2 (Ramesh et al., 2022) have demonstrated the effectiveness of text-to-image pipelines integrated with
transformer-based architectures, resulting in more coherent and visually appealing outputs. However, these models often require
substantial computational power and high inference times, making them less practical for real-time applications.

The FLUX.1 models, developed by Black Forest Labs, represent a step toward optimizing the balance between quality and speed in Al-
generated imagery. While proprietary, these models refine diffusion-based architectures to improve inference efficiency and image clarity.
A detailed comparison of FLUX.1 [dev] and FLUX.1 [schnell] is essential to assess their suitability for various Al image generation tasks.
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3.2 Performance Optimization in Al Image Generation

Research on optimizing text-to-image models has focused on refining model parameters and enhancing architectural design. Dhariwal &
Nichol (2021) showed that with proper optimization, diffusion models can surpass Generative Adversarial Networks (GANS) in
performance. Several key factors influence the effectiveness of these models, including :-

1. Inference steps - A higher number of steps typically improves image quality but increases processing time.

2. Guidance scale - Controls how strictly the generated image follows the given text prompt.

3. Aspect ratio and resolution - Impact the framing and detail level of the final output.

Initial tests on FLUX.1 [dev] and FLUX.1 [schnell] highlight the trade-offs between quality and speed. Further analysis is required to
determine their optimal use cases across various Al image generation applications.

3.3 LoRA: A Parameter-Efficient Approach to Fine-Tuning Al Models

Fine-tuning large Al models traditionally involves adjusting all network parameters, leading to high computational costs. Low-Rank
Adaptation (LORA) (Hu et al., 2021) offers a more efficient solution by modifying only a subset of the model’s weights, significantly
reducing resource requirements.

Research has demonstrated the advantages of LoRA in refining diffusion models :-
1. Peebles et al. (2022) showed that LoRA fine-tuning enables style transfer and personalized Al-generated art with minimal
computational overhead.
2. Zhang et al. (2023) explored the integration of LoRA with diffusion models for domain adaptation, allowing Al to produce
domain-specific images without the need for full model retraining.

The ostris/flux-dev-lora-trainer applies these concepts to fine-tune FLUX.1 models using custom datasets. By examining hyperparameters
such as learning rate, batch size, optimizer selection, and trigger words, this study evaluates the impact of LoRA fine-tuning on model
adaptability and performance.

3.4 Cost and Accessibility in Al Model Deployment

The expense of running Al models plays a key role in their accessibility and adoption. Patterson et al. (2021) emphasize that large-scale
diffusion models demand substantial GPU resources, making them financially challenging for individual users. To address this, strategies
such as LoRA-based fine-tuning and optimized architectures like FLUX.1 [schnell] help reduce computational costs, making Al image
generation more accessible.

Assessing the compute requirements and pricing of FLUX.1 [dev], FLUX.1 [schnell], and LoRA fine-tuning provides valuable insights
into cost-effective solutions for different user needs.

3.5 Research Gaps and Contributions
While diffusion models and fine-tuning techniques have been widely studied, there is limited research on proprietary models like FLUX.1.

Additionally, the effects of LORA fine-tuning on FLUX.1 models remain largely undocumented. This study seeks to bridge these gaps by
1. Benchmarking FLUX.1 [dev] and FLUX.1 [schnell] across key performance metrics.
2. Evaluating the efficiency and effectiveness of LORA fine-tuning using the ostris/flux-dev-lora-trainer.
3. Analyzing the cost-performance balance of various Al image generation strategies.

By offering empirical insights into FLUX-based model optimization and LoRA training techniques, this research aims to assist both
academics and practitioners in identifying the most effective approaches for Al-powered image generation.

V. Methodology
FLUX.1 Series advancing Al image generation is developed by Black Forest Labs, is recognized for its innovative approach to Al-driven

image generation. Designed to balance quality, speed, and customization, this series includes models such as FLUX.1 [dev] and FLUX.1
[schnell], catering to different needs within the Al art community.
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Supporting these models is the flux-dev-lora-trainer, a fine-tuning tool by Ostris, enabling users to personalize model outputs.

1. FLUX.1 [dev] - A 12-billion-parameter rectified flow transformer, this model generates high-quality images from text
descriptions. Leveraging guidance distillation, it ensures efficient synthesis while maintaining exceptional output quality. Though
second only to the proprietary FLUX.1 [pro], its open-weight design fosters research and artistic innovation. Additionally, images
produced via FLUX.1 [dev] on platforms like Replicate are permitted for personal, scientific, and commercial use under its
licensing terms.

2. FLUX.1 [schnell] - Optimized for speed, this 12-billion-parameter model employs latent adversarial diffusion distillation to
generate images in as few as 1 to 4 steps. It is particularly suited for rapid prototyping and iterative design while maintaining high
output quality. Released under the Apache 2.0 license, it allows for flexible use in personal, scientific, and commercial
applications.

3. flux-dev-lora-trainer - Created by Ostris, this tool streamlines fine-tuning for FLUX.1 [dev] through Low-Rank Adaptation
(LoRA). Users can input a dataset, define a unique trigger word, and train the model to generate images that align with specific
artistic styles or concepts. The fine-tuning process is designed for accessibility, minimizing computational requirements. For
optimal results, a dataset should include 12-18 high-resolution images (1024x1024 pixels) with diverse representations of the
intended subject or style.

V. Comparative Analysis
5.1 Model Architecture and Training

Both FLUX.1 [dev] and FLUX.1 [schnell] feature a 12-billion-parameter architecture but differ in their training approaches. FLUX.1 [dev]
employs guidance distillation, optimizing for high-quality image generation while maintaining efficient training. On the other hand,
FLUX.1 [schnell] utilizes latent adversarial diffusion distillation, which enhances speed, making it ideal for applications that require fast
iterations without significant quality loss.

5.2 Performance and Use Cases

FLUX.1 [dev] is designed for applications that prioritize high-quality outputs, making it well-suited for professional artists and researchers
who require detailed image generation. In contrast, FLUX.1 [schnell] excels in speed, catering to developers and hobbyists who need rapid
results, particularly in scenarios where computational resources or time are constrained.

5.3 Licensing and Accessibility

A key difference between the two models is their licensing structure. FLUX.1 [schnell] is available under the Apache 2.0 license, allowing
broad usage rights, including commercial applications. In contrast, FLUX.1 [dev] is accessible for multiple purposes but comes with
specific licensing conditions, particularly regarding commercial use, which users must review and comply with.

5.4 Customization and Fine-Tuning

The flux-dev-lora-trainer enhances the adaptability of FLUX.1 [dev], allowing users to fine-tune the model with their own datasets. This
feature is especially beneficial for creators looking to integrate distinct artistic styles or concepts, making the model more versatile for
both artistic and commercial applications.

VI. FLUX.1 [dev] and FLUX.1 [schnell]

Understanding the key differences between FLUX.1 [dev] and FLUX.1 [schnell]—such as prompt handling, output configurations, and
performance factors—helps in selecting the right model for specific projects. Both models generate images based on natural language
prompts. While there are no explicitly defined prompt strength parameters, users can refine their inputs to achieve more accurate results.
Providing detailed and context-rich descriptions enhances image precision and alignment with user intent :-
1. Aspect Ratio and Image Resolution - Generated images can be adjusted to different aspect ratios to fit various display needs. A
16:9 aspect ratio is commonly used for web content and social media, while higher resolutions like Full HD (1920x1080) ensure
sharp details and vibrant color representation, balancing quality and performance.
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VII.

2. Number of Outputs and Inference Steps - Users can control the number of images generated per prompt. FLUX.1 [schnell] is
optimized for speed, capable of producing high-quality images in as few as 1 to 4 inference steps, making it ideal for applications
that require fast iterations.

3. Guidance and Seed Control - Both models support guidance parameters, allowing users to fine-tune outputs for greater alignment
with their vision. Additionally, setting a random seed enables reproducibility, allowing identical images to be regenerated when
needed.

4. Output Format and Image Quality - Images are typically available in PNG or JPEG formats. The quality depends on the model
and resolution settings. FLUX.1 [dev] delivers high-end image fidelity, second only to FLUX.1 [pro], making it ideal for
applications that prioritize detailed and refined visuals.

5. Safety Features and Performance Modes - Both models include safety checkers to filter out inappropriate or harmful content.
Users can choose to disable these filters if necessary, though caution is advised. Additionally, an accelerated inference mode can
be enabled using the go_fast flag, particularly beneficial for enhancing the speed of FLUX.1 [schnell].

FLUX.1 [dev] - flux-dev-lora-trainer

The ostris/flux-dev-lora-trainer is a specialized tool designed for fine-tuning the FLUX.1-dev model using Low-Rank Adaptation (LORA).
This technique allows users to customize the model for specific styles, objects, or artistic concepts by training it on a curated dataset.
Below is a breakdown of the key parameters involved in this process :-

1. Selecting the Destination Model
e Description - Defines the model to be fine-tuned. Users can either select an existing model or create a new one with a
unique identifier.
2. Input Images
e Format - Accepts ZIP or TAR files containing training images.
e Naming Convention - Each image file should be named descriptively (e.g., style_example.png).
e Recommendation - Use 12-18 high-resolution images (ideally 1024x1024 pixels) to improve accuracy.
3. Trigger Word
e Description - A specific word or phrase associated with the custom concept being trained.
e Recommendation - Choose an uncommon word to prevent unintended associations in generated images.
4. Auto Captioning
e Functionality - Automatically generates captions for training images.
e Options - Can be enabled or disabled.
e Recommendation - Enable auto captioning unless manually providing captions.
5. Caption Prefix and Suffix
e Purpose - Additional text added before or after auto generated captions for context.
6. Training Steps
e Description - Defines the number of iterations the model undergoes during fine-tuning.
e Recommendation - Start with 1000 steps and adjust based on dataset size and desired results.
7. LoRARank
e Description - Determines the complexity of LoRA matrices, balancing model flexibility and computational efficiency.
8. Saving to Hugging Face
e Parameters - hf_repo_id, hf_token
e Purpose - Credentials required to upload the fine-tuned model to Hugging Face.
9. Weights & Biases (W&B) Integration
e Parameters - Includes wandb_api_key, wandb_project, wandb_entity, and other settings.
e Purpose - Enables tracking and visualization of training progress.
10. Learning Rate
e  Description - Controls how quickly the model’s weights are updated during training.
e Recommendation - Use the default value initially, adjusting as needed based on performance.
11. Batch Size
e Description - The number of images processed in each training iteration.
e Recommendation - Start with default settings and adjust based on available hardware resources.
12. Image Resolution
e Description - Defines the height and width to which training images are resized.
e Recommendation - Stick to the default resolution unless specific project requirements dictate otherwise.
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13. Caption Dropout Rate
e Purpose - Introduces variability by omitting captions during training to improve model robustness.
14. Optimizer Selection
e Options - Common choices include Adam and SGD.
e  Purpose - Determines how the model’s weights are adjusted based on loss calculations.
15. Caching Latents
e  Function - Stores precomputed latent representations on disk to speed up training.
16. Layer Optimization Regex
e  Purpose - Specifies which model layers should be trainable using a regular expression filter.
17. Gradient Checkpointing
e Function - Reduces memory usage by recomputing intermediate activations at the cost of increased processing time.
e  Options - Can be enabled or disabled based on memory constraints.
18. Using Pretrained LoRA Models
e Function - Allows users to bypass training and instead apply a pre-trained LoRA model from Hugging Face.

VIII. Findings

8.1 Performance Evaluation of FLUX.1 Models

FLUX.1 [dev] FLUX.1 [schnell]

Feature

Image Quality High-fidelity, detailed images Lower quality, optimized for speed

Rendering Speed Slower (requires more inference steps) Faster (optimized for real-time results)

Inference Steps 50+ for optimal quality 10-20 for faster generation

Guidance Scale Higher, more controlled outputs Lower, more flexible

Customization Greater control over output parameters Limited tuning options

Compute Higher VRAM and GPU power needed Works on mid-tier GPUs

Requirements

Quick Al image generation, real-time
applications

Table 8.1 Performance Evaluation of FLUX.1 Models

Artistic Al, professional rendering, high-quality
creative works

Best Use Cases

8.2 Trade-offs Between Speed and Quality
FLUX.1 [dev] excels in generating highly detailed and realistic images, though it requires more processing time and computational power.

In contrast, FLUX.1 [schnell] is optimized for speed and efficiency, delivering rapid results while trading off some level of artistic
precision.

8.3 Cost and Pricing Analysis

Model Pricing per Image | Subscription Tiers Compute Costs
FLUX.1 [dev] Higher Premium Expensive due to high VRAM needs
FLUX.1 [schnell] | Lower Standard More affordable, suitable for casual users
LoRA Fine-Tuning | Varies Pay-as-you-go Training costs depend on dataset size and

iterations

Table 8.3 Cost and Pricing Analysis
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Key Findings :-
1. FLUX.1 [schnell] - A budget-friendly option for fast image generation, suitable for users who can compromise on resolution or
quality.

2. FLUX.1 [dev] - Ideal for those who prioritize high-quality images and are prepared for increased GPU expenses.
3. LoRA fine-tuning - Has higher initial costs but provides long-term savings by enabling model customization for specific needs.

8.4 LoRA Fine-Tuning Efficiency

Findings from using LoRA fine-tuning on FLUX models via ostris/flux-dev-lora-trainer :-

Parameter Impact on Fine-Tuning
Select Destination Model Determines the base model used for training
Input Images Affects style adaptation and accuracy
Trigger Word Enables model activation with specific terms
Auto-captioning Helps automate dataset labeling for improved training quality
Steps & Learning Rate Controls training depth and convergence
LoRA Rank Impacts the number of trainable parameters, affecting efficiency
Resolution & Batch Size Higher values require more VRAM but improve output quality
Optimizer & Gradient Checkpointing Affects memory efficiency and convergence speed

Table 8.4 LoRA Fine-Tuning Efficiency

Key Observations :-
1. LoRA Optimization - Reduces computational demands for fine-tuning while preserving image quality.
2. LoRA Rank Selection - Lower ranks (4-16) work well on consumer GPUs, while higher ranks (32+) improve generalization but
need more resources.
3. Fine-Tuned FLUX Models - Excel in personalized artistic styles but risk overfitting with limited training data.

8.5 Real-World Application Scenarios

Use Case Best Model Choice
High-quality Al-generated artwork FLUX.1 [dev]
Fast image generation for real-time use FLUX.1 [schnell]
Customized Al models with specific styles LoRA fine-tuned FLUX models
Business applications (branding, design, social media) FLUX.1 [dev] with LoRA tuning

Table 8.5 Real-World Application Scenarios
IX. Discussion

The best choice depends on user needs—FLUX.1 [dev] for quality, FLUX.1 [schnell] for speed, and LoRA for personalization. Future
advancements in Al efficiency can further optimize the balance between performance and accessibility. The following are some pointed
observations :-
1. Model Trade-offs - Compares FLUX.1 [dev], FLUX.1 [schnell], and LoRA fine-tuning, outlining their advantages and limitations
in Al image generation.
2. Performance vs. Speed - FLUX.1 [dev] delivers high-quality, detailed images with greater computational demands, while FLUX.1
[schnell] prioritizes faster output with slightly reduced fidelity.
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X.

Cost Considerations - FLUX.1 [dev] incurs higher costs due to increased resource consumption, whereas FLUX.1 [schnell] offers
a more budget-friendly option for quick image generation.

LoRA Fine-Tuning Advantages - Enables efficient model customization with reduced computational requirements, supporting
personalized and domain-specific image generation.

Scalability & Use Cases - FLUX models cater to professionals and artists, while LORA fine-tuning allows flexible Al adaptation
without requiring extensive retraining.

Conclusion and Future Scope

This study explores FLUX-based Al image generation models and LoRA fine-tuning, examining their trade-offs in quality, speed, and
cost-efficiency. FLUX.1 [dev] excels in producing high-quality images, while FLUX.1 [schnell] is optimized for fast and efficient output.
LoRA fine-tuning enhances model flexibility, allowing for customized Al image generation with reduced computational demands. The
findings suggest that model selection should be based on user needs, whether for professional Al art, real-time applications, or personalized
model training.

By improving FLUX models and LoRA fine-tuning techniques, Al image generation can become more scalable, cost-efficient, and widely
accessible. The following are the future directions :-

1.
2.

XI.

Enhancing Al Efficiency - Research should focus on reducing computational costs while maintaining image quality.

Hybrid Model Development - Integrating FLUX.1 [dev] and FLUX.1 [schnell] into an adaptive system could optimize both speed
and quality.

Advancing LoRA Fine-Tuning - Refining training methods can improve model customization with minimal resource
consumption.

Expanding Applications - Al-generated images can be further integrated into AR, VR, and gaming for real-time content creation.
Addressing Ethical Concerns - Future studies should explore bias mitigation, responsible Al usage, and safety measures in
generative models.
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14. GetimgFLUX.1 Prompt Guide: Pro Tips and Common Mistakes to AvoidOctober 15, 2024 — FLUX.1 prompt guide: best practices.
FLUX.1 works excellently with instructions written in natural language (meaning, you write as if you were communicating with a human);
for most users, it will likely be the easiest way to prompt. All of the typical prompt engineering tips (which you can find in detail in our
general prompt guide) still apply ...

15. Segmind Bloglmage Resolutions With Flux.1 Dev Model (Compared)January 11, 2025 — Here are some examples of images
generated with Flux.1 Dev using the same prompt in different aspect ratios: ... The aspect ratio matches standard displays, making it ideal
for web and social media content. ... Let's look at the exact quality differences you'll see across image sizes in Flux.1 Dev. Your output
quality depends on both resolution ...

16. Hugging Facereplicate-ostris-flux-dev-lora-trainer - Hugging FaceWe’re on a journey to advance and democratize artificial
intelligence through open source and open science.

17. Al Image GeneratorWhat is Flux.1 from Black Forest Labs - Al Image GeneratorFlux.1 by Black Forest Labs is an advanced Al image
generator that transforms text prompts into high-guality images. It supports various styles, offers exceptional speed, and is available in
three var...

18. flux-1.aiFlux 1 Prompts — Flux 1 AlOctober 1, 2024 — Introduction to FLUX.1. FLUX.1, developed by Flux Al, is a text-to-image
Al model created by Black Forest Labs in 2024. It uses a technique called “flow matching” to generate detailed images from text...

19. Dev.toRunning the FLUX.1 Image ([dev]/[schnell]) Generation Al Model by ...September 29, 2024 — As with FLUX.1 [dev], the
first run will involve downloading over 30GB of data, which might take a while.. Here’s the result: I also tried using the prompt “anime

style, Japanese moe heroine”:. While...

20. Hugging Faceblack-forest-labs/FLUX.1-dev - Ultimate FLUX LoRA Training Tutorial ...September 10, 2024 — It has total 74
chapters, manually written English captions. It is a perfect resource to become 0 to hero for FLUX LoRA training. FLUX LoRA Training
Simplified: From Zero to Hero with Kohya SS GUI (8G...

21. DeepinfraFLUX.1-dev Guide: Mastering Text-to-lmage Al Prompts for Stunning and ...September 4, 2024 — These settings allow
FLUX.1-dev to maintain focus on your prompt’s specific elements while also delivering creative outputs. The Art of Prompt Writing Key

Elements of an Effective Prompt. Creating eve...

22. CivitaiSchnell LoRA for Flux.1 D - v1.0 - CivitaiAugust 23, 2024 — Schnell LoRA for Flux.1 D. 142. 1.7k. 3.9k. 28. 200. Updated:
Aug 23, 2024. tool. schnell flux.1 d. v1.0 ... The FLUX.1 [dev] Model is licensed by Black Forest Labs. Inc. under the FLUX.1 [dev] Non-
Co...

23. fluxai.devExploring Flux.1-Dev and Flux.1-Schnell BNB NF4: Versatile Models for ...August 18, 2024 — Version Differences.
Flux.1-Dev comes in two variants, vl and v2, while Flux.1-Schnell is available as a single version. Both Dev versions are based on the
Flux.1 D model, but they differ in their fil...

24. Hugging Faceblack-forest-labs/FLUX.1-schnell - Is there a Lora training script? August 2, 2024 — Pricing Log In Sign Up black-
forest-labs / FLUX.1-schnell ... figured out the vram issues. here is a guide to train a LORA, though it uses Dev, you just need to change
the MODEL NAME for schnell’s. .....

25. Replicateostris — ReplicateFlex.1 alphais a pre-trained base 8 billion parameter rectified flow transformer capable of generating images
from text descriptions 156 runs Public. ostris / flux-dev-lora-trainer. Fine-tune FLUX.1-...

XIl.  Appendix
Al: Artificial Intelligence
LoRA: Low-Rank Adaptation

LDMs: Latent Diffusion Models
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DDPMs: Denoising Diffusion Probabilistic Models

GPU: Graphics Processing Unit

W&B: Weights & Biases

FLUX.1 [dev]: FLUX.1 Development

FLUX.1 [schnell]: FLUX.1 Fast (Schnell is German for "fast")
VRAM: Video Random Access Memory

PNG: Portable Network Graphics

JPEG: Joint Photographic Experts Group

HD: High Definition

ZIP: Zone Information Protocol (commonly used for compressed file format)
TAR: Tape Archive

API: Application Programming Interface

hf _repo_id: Hugging Face Repository Identifier

hf_token: Hugging Face Authentication Token

SGD: Stochastic Gradient Descent

Adam: Adaptive Moment Estimation (Optimizer)

AR: Augmented Reality

VR: Virtual Reality
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