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1 A COMPREHENSIVE OVERVIEW OF DIFFUSION MODELS

Positioned at the forefront of generative modeling, Diffusion Probabilistic Models (DMs) (Ho et al.
(2020); Nichol & Dhariwal| (2021)); [Kingma et al.| (2021); |Karras et al.| (2022); |Song et al.| (2021);
Chen et al.| (2023); |[Salimans & Ho| (2022)) represent a significant paradigm shift, celebrated for
their exceptional capacity to generate high-fidelity outputs. Unlike Generative Adversarial Net-
works (GANs), which often suffer from training instability, or Variational Autoencoders (VAEs),
which can produce blurry results, DMs offer stable training and unparalleled sample quality. Their
influence spans numerous applications, from image and video creation to text-to-image synthesis
and audio generation. By providing a powerful, principled methodology for learning complex data
distributions, these models have become a fundamental pillar of contemporary artificial intelligence.
More recently, the fusion of diffusion principles with Transformer architectures has given rise to Dif-
fusion Transformers (DiTs) (Yang et al.| (2025); Peebles & Xie| (2023)); |Labs| (2024); Hatamizadeh
et al.| (2024); Lin et al.|(2022); Kim et al.|(2024))), which demonstrate remarkable scaling properties.
This section offers a thorough examination of their core concepts, mathematical underpinnings, and
architectural variations.

1.1 CORE PRINCIPLES OF DIFFUSION MODELS

Conceptually rooted in non-equilibrium thermodynamics and statistical mechanics, DMs are a class
of latent variable models. They operate through a carefully defined two-stage process that mirrors
the physical phenomenon of diffusion. The first stage, the forward process, systematically de-
grades structured data (a low-entropy state) by incrementally adding Gaussian noise over a series of
timesteps until only pure, unstructured noise remains (a high-entropy state). The second stage, the
reverse process, learns to invert this procedure. Here, a neural network is trained to methodically
remove the noise, starting from a random sample and progressively refining it to reconstruct a sam-
ple from the original data distribution, effectively decreasing the system’s entropy. This approach
transforms the intractable problem of modeling a complex data manifold into a more manageable
sequence of denoising steps. The power of DMs originates from this iterative refinement, which
enables the generation of highly detailed and coherent samples.

1.2 THE FORWARD NOISING PROCESS

The forward process |[Ho et al.| (2020) is a fixed (non-learned) Markov chain that gradually perturbs
an initial data sample xg ~ q(xq) over T discrete timesteps. At each step ¢, a small amount of
Gaussian noise is added according to a variance schedule [3;:

q(ze|lri—1) = N(x; /1 = Brxe—1, Bed). 9]
The sequence {f3;}7_, is a critical hyperparameter, typically chosen such that 31 < 32 < -+ <
Br. Common schedules include linear, quadratic, or cosine schedules, which control the rate of
information destruction. As ¢ — 7T, the cumulative effect of the noise addition ensures that x
converges to an isotropic Gaussian distribution, z7 ~ N(0, I).

A key property of this process is that we can sample x; directly from x( at any timestep ¢ without

iteration. Let oy = 1 — B and ay = Hi:l a,. Using the reparameterization trick, we can write x;
as a function of ¢ and a random noise variable € ~ N(0, T):

Ty = \/ouTo + \/1 — Q€. (2)
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This gives the closed-form sampling distribution:

q(z¢|zo) = N (245 Varz0, (1 — Q) I). 3)
Here, /&y represents the signal rate, while 1/1 — & is the noise rate. This property is instrumental
for efficient model training.

1.3 THE LEARNED REVERSE DENOISING PROCESS

The reverse process is the generative core of the model, tasked with inverting the forward noising
process. It begins with a sample from the prior distribution, z7 ~ N(0, I'), and aims to learn the true
posterior distribution g(x;_1|z;) to iteratively denoise the sample back to x¢. This reverse process
is modeled as a Markov chain with learned parameters 6:

po(Ti—1lze) = N(20-1; pro (w1, 1), Xo (24, 1)) “)
While the true posterior g(x;—1|x¢) is intractable, its form conditioned on the original data xq is
tractable and Gaussian:

Q(‘Tf/—1|xt7x0) :N(xt—l;ﬂt(xt7IO);Bt1)7 (5)
with mean and variance given by:

_VaiB | JE(l—ae)

,ut('rtaxo) - 1 — @t Zo + 1_ dt ty (6)
~ 1—ay_

Br = qT—a =15, (7
—ay

The goal of the neural network zig(x¢, t) is to approximate fi;(x¢, o). By substituting ¢ from Eq.
into the expression for [i;, it can be shown that predicting the mean fi; is mathematically equivalent
to predicting the noise ¢ that was added to zq to produce z;. This insight leads to a simplified and
highly effective training objective Ho et al.| (2020). Instead of optimizing the full variational lower
bound (VLB), we can directly minimize the mean squared error between the true and predicted
noise:

Lsimple(o) == ]Et,ar:g,e [HE - EO(Itv t)Hﬂ ) (8)
where z; = /arxo + /1 — Qze, and € is the output of the neural network. This objective is not
only computationally efficient but has also been shown to produce superior results.

1.4 ARCHITECTURAL FOUNDATIONS

1.4.1 U-NET BACKBONE

The prevalent architectural choice for many diffusion models, especially in the image domain, is the
U-Net|Rombach et al.| (2022); Prasad et al.| (2023)); Xing et al.|(2023)). Its encoder-decoder structure
with skip connections is highly effective for tasks requiring pixel-level prediction. The network
takes two primary inputs: the noisy data z; and the current timestep ¢. The timestep ¢ is crucial
context, as it informs the network about the level of noise it needs to remove. It is typically encoded
using sinusoidal embeddings, inspired by Transformer positional encodings, and then incorporated
into the network’s intermediate layers. A key enhancement in modern U-Nets is the integration of
self-attention blocks, usually at lower-resolution feature maps, which enable the model to capture
long-range spatial dependencies. For conditional generation (e.g., text-to-image), conditioning
information ¢ (like text embeddings from a CLIP model) is integrated into the U-Net, often via
cross-attention mechanisms, allowing external signals to guide the denoising process.

1.4.2 DIFFUSION TRANSFORMERS (DIT)

A more recent innovation is the Diffusion Transformer (DiT) (Peebles & Xie|(2023))), which replaces
the convolutional U-Net with a Transformer backbone. This approach treats the diffusion process
as a sequence modeling problem. A noisy image x; is first broken down into a sequence of non-
overlapping patches, which are then linearly projected to form input tokens. These tokens, along
with timestep and conditional embeddings, are processed by a series of Transformer blocks. The
final output tokens are decoded to predict the output noise for each patch. The primary advantage
of the DiT architecture is its demonstrated scalability; its performance improves predictably and
significantly with increased model size and computational resources, setting new benchmarks in
high-fidelity image generation.
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a. woman with blue background

a black bird with a yellow beak... a green bird with a yellow beak...

Figure 1: More comparative visual results.

2 EVALUATION METRICS

To quantitatively evaluate our method, we utilize a comprehensive suite of metrics designed to assess
different facets of image quality, including pixel-level accuracy, perceptual similarity, and semantic
consistency with the text prompt.

2.1 PIXEL-LEVEL FIDELITY METRICS

These metrics measure the exactness of the reconstruction at the pixel level by directly comparing
the pixel values between the original and edited images.

* Mean Squared Error (MSE) computes the average squared difference between the pixel
values of two images. It provides a strict, quantitative measure of reconstruction error. A
lower MSE value signifies a smaller pixel-wise deviation and thus a higher-fidelity recon-
struction.

» Peak Signal-to-Noise Ratio (PSNR) (Huynh-Thu & Ghanbari|(2008)) is derived from the
MSE and represents the ratio between the maximum possible pixel value (signal) and the
magnitude of the reconstruction error (noise). It is expressed on a logarithmic scale (dB).
A higher PSNR value indicates a higher quality reconstruction with less error.

2.2 PERCEPTUAL SIMILARITY METRICS

These metrics aim to approximate human perception of image similarity more closely than pixel-
level metrics.

¢ Structural Similarity Index Measure (SSIM) (Wang et al| (2004)) evaluates image simi-
larity by comparing three key features: luminance, contrast, and structure. It is designed to
be more robust to minor pixel variations and better align with how humans perceive visual
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Figure 2: More comparative visual results.

quality. SSIM values range from -1 to 1, where a higher value closer to 1 indicates greater
perceptual similarity.

* Learned Perceptual Image Patch Similarity (LPIPS) (Zhang et al| (2018)) measures
the perceptual distance between two images using features extracted from a pre-trained
deep neural network (e.g., AlexNet or VGG). By comparing images in a feature space that
is more aligned with human vision, LPIPS has shown a strong correlation with human
judgment of image similarity. A lower LPIPS score indicates that two images are more
perceptually similar.

2.3  SEMANTIC ALIGNMENT METRIC

This metric assesses how well the generated or edited image aligns with the meaning of the input
text prompt.

* CLIP Score (Radford et al.| (2021)) measures the semantic correspondence between an
image and a text description using a pre-trained CLIP (Contrastive Language-Image Pre-
training) model. It calculates the cosine similarity between the image and text embeddings
in a shared multimodal space. A higher CLIP Score indicates a stronger semantic align-
ment between the image content and the textual instruction.

3 MORE VISUAL EXPERIMENTS

To provide further evidence of our method’s efficacy and robustness, we present a comprehensive
collection of additional qualitative results in Figure[I] Figure[2]and Figure[3] This section showcases
the performance of FlashEdit across a diverse array of text-guided image editing tasks, including
attribute modification, object deletion, and complex scene manipulation. We compare our results
against a range of state-of-the-art multi-step and few-step baselines. The following visual examples
demonstrate FlashEdit’s ability to achieve a superior balance of fidelity and precision, consistently
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performing localized edits with high semantic accuracy while maintaining perfect background in-
tegrity. These results visually reinforce the quantitative findings of our main paper, confirming that
FlashEdit is a robust and highly effective solution for real-time generative editing.

Figure 3: More comparative visual results.
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