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Notation. Observed random vectors are denoted by X and values by x € R”. Noisy latent
variables at diffusion step t are denoted by Z; and values by z;, with zy = x. The number
of diffusion steps is 7. The forward-process variance schedule is 8; € (0,1), and we define

ar=1— 3 and
t
dt = H Qg.
s=1

The forward noising distribution is written ¢(z; | z;—1), while the learned reverse model is
po(2zi_1 | z¢). Gaussian noise variables are written € ~ A/(0,1). A dataset is D = {x(1), ... x(N)}
with size N = |D|.

1 Why diffusion models?

Diffusion models have become central in generative deep learning because they combine strong
sample quality with a conceptually clean training principle: learn to generate by iterative
denoising. Instead of mapping a latent vector directly to a sample in one step, as in GANSs, or
learning an explicit invertible transformation, as in normalizing flows, diffusion models define
generation as the reversal of a gradual corruption process.

This idea is attractive for two reasons. First, the forward corruption process can be made
extremely simple: repeatedly add a small amount of Gaussian noise. Second, each reverse step
only needs to undo a small amount of corruption. So generation is decomposed into many easy
local denoising problems rather than one difficult global synthesis problem.

At a high level, diffusion models posit two stochastic processes:

e a fixed forward diffusion process that gradually destroys structure in data by adding noise;

e a learned reverse denoising process that reconstructs structure step by step, starting from
pure noise.

The resulting model is generative because, after learning the reverse process, one can sample
zr ~ N (07 I )

and iteratively denoise until reaching a sample in data space.

2 Generation as a denoising process

The central intuition is easiest to state informally. Suppose we start from a data sample x and
repeatedly corrupt it:
X=20 —> 21 —> 23 — -+ — ZT,

where each z; is slightly noisier than the previous one. If the number of steps is large and each
noise increment is small, then by time T' the variable zp is approximately Gaussian noise.

Now reverse the story. If one knew how to remove just the right amount of noise at each
step, then one could start from Gaussian noise and reconstruct a data sample:

Zy — Z7_1 —> - —7 Z1 — Zo = X.

This is the generative idea behind diffusion models:



learn the reverse of a simple noising process.

The challenge is not defining the forward process. That part is fixed. The challenge is
learning an accurate and efficient approximation to the reverse denoising process.

3 The forward diffusion process

The forward process is a Markov chain that gradually adds Gaussian noise. A standard choice is

Q(Zt’Zt—l):N<\/1_/8tzt—17 5tI)7 t:].,...,T,

with zg = x. Equivalently, one can sample

zy =\/1—Bizi 1+ Bi&, e ~N(0,I).

Here 3, is the noise schedule. It controls how much new noise is injected at step t. Typically
B¢ is small, so each step only slightly corrupts the previous state.
The full forward chain factorizes as

T

g(zir | x) =[Jalz | 2e1), z0=x
i1

Assume
q(z¢ | 2¢—1) ZN(\/ 1— B thlaﬁtl) .

Then the conditional sampling equation is

z: = \/1—Bizi—1 +\/Br &, € ~N(0,1).

Because a linear transformation of a Gaussian plus independent Gaussian noise is again
Gaussian, each forward conditional is Gaussian. Moreover, repeated application preserves
Gaussianity, which is why many later quantities in diffusion models admit closed forms.

4 Closed-form diffusion kernel

Sequentially simulating the forward chain is conceptually simple, but for training we want a
direct formula for sampling z; from x without explicitly constructing all intermediate states.
Define

¢
ar =1— B, @tZHOés-
s=1

Then one can show that
q(ze | x) = N (Varx, (1—ay)l).
Equivalently,

z; = Vo x+ V1 — age, e~N(0,1).

This closed form is crucial in practice. It means that, during training, one can pick any
timestep t and generate the corresponding noisy version z; directly from the clean sample x.



Start from

71 = Jaix+ V1 — o €.
Then
Zo = \/anz1 + V1 — as €2 = Jasax + \/042(1 = 011) €1 +vV1—ases.

Because the last two terms are independent Gaussians, they can be combined into a single
Gaussian term with the appropriate variance. Continuing inductively yields

z; = Voyx + V1 — g€, e ~N(0,1).

So the entire forward diffusion process admits a direct one-shot sampling formula.

5 Evolution of the diffused distribution

If x ~ g(x) denotes the data distribution, then the distribution of the noisy variable at time ¢ is

q(z) = /q(X)q(zt | x) dx.

As t increases, q(z;) becomes progressively smoother and less structured. For sufficiently large T
and suitable schedule S, the final distribution ¢(z7) is approximately standard Gaussian.

This is what makes generation possible: if the terminal distribution is simple and known, we
can sample from it directly and let the learned reverse process map it back toward data.

6 Why the reverse process is hard

The ideal reverse transition would be

(J(Zt—l \ Zt)-

If this conditional were known, we could generate samples exactly by starting from zr and
iterating backward. However, this reverse conditional is intractable in general because it implicitly
depends on the unknown data distribution.

The core obstacle is that noise removal is ambiguous. Given a noisy sample z;, many clean
signals might have produced it. Without knowing the data distribution, one cannot uniquely
determine how to denoise.

A crucial observation, however, is that if the original clean sample x were known, then the
reverse conditional

q(zt-1 | zt,%)

is Gaussian and tractable. This makes it possible to derive a variational training objective.

7 The learned reverse process

Diffusion models therefore introduce a parameterized reverse Markov chain:
po(zi—1 | z¢) :N(Hg(Zt,t),O'tQI), t=1,...,T,
with terminal prior
p(zr) = N(0,1).

The mean py(z,t) is predicted by a neural network, typically conditioned both on the noisy
input z; and on a representation of the timestep t.
Generation then proceeds by ancestral sampling:



1. sample

zr NN(07[)7

2. fort=T,T —1,...,1, sample
zi 1~ po(ze—1 | 2¢).

The final output zg is the generated sample.

8 Likelihood training and the ELBO

The diffusion model defines a latent-variable generative model over the chain
Z1.7,X

Formally,

po(X,2z1.7) 0(ze—1 | 2¢), Zo = X.

Hz'ﬂ

The marginal likelihood is
po(x) = /PQ(X,Zl:T)dZL%

which is intractable.
As in variational autoencoders, one therefore introduces the forward process as an inference
distribution:
Q(leT | X)‘

Applying Jensen’s inequality gives an evidence lower bound (ELBO):

Po (X, Zl:T)] _

log pg(x) > Eq(ZLT\X) [IOg q(z1.7 | %)

After algebraic simplification, the ELBO decomposes into:
e a reconstruction term at the final denoising step,

e a sum of KL divergences aligning the learned reverse transitions with the true reverse
conditionals.

A convenient schematic form is

T

oy [l0gpo(x | 21)] — > KL(q(ze-1 | 2e,%) || po(zi1 | 21)).
t=2

Because the forward process is Gaussian, the conditional

Q(thl | Zt,X)

is Gaussian as well. The learned reverse model is also chosen Gaussian:

po(ze—1 | 2t) = N (py(2e, 1), 071).

Therefore each KL term in the ELBO is a KL divergence between Gaussians. This is
computationally convenient and leads, after simplification, to a quadratic loss on the difference
between the true reverse mean and the predicted reverse mean.



9 The practical training objective: predict the noise

Although the ELBO is the principled objective, it can be simplified dramatically. The key trick
is to reparameterize the noisy sample as

z = Vayx++v1— e, e~N(0,1),

and then train the model to predict the noise € itself.
Let the neural network be written
€9(z,t).

The simplified loss is
L(0) = ExpEiEeono1) |ll€ — €olze. )3 -

This objective says: given a clean sample, a random timestep, and the corresponding noised
sample, predict the exact Gaussian noise that was added.

From

7 = Va x+V1— e,
we can solve for the clean sample:
1 VI-a
= \/(STtZt — T €.
So if the network can predict € accurately from (z,t), then it can also estimate the clean

data point x and hence the mean of the reverse denoising distribution. Thus learning to
predict the added noise is a reparameterized form of learning to denoise.

X

This is the form used in most practical denoising diffusion probabilistic models.

10 A practical training algorithm

The training loop is simple once the closed-form noising formula is available.
For each mini-batch:

1. sample clean data x from the training set;

2. sample a timestep ¢ uniformly from {1,...,T};

3. sample noise

e~ N(0,I);

4. construct the noisy input

Zi = VX + V1 — e

5. feed (z¢,t) into the neural network and minimize
e = eolz, )5

Thus training does not simulate the entire forward chain explicitly. A single random timestep
per example is enough.



11 Network architecture for image diffusion

For images, the standard architecture is a U-Net with residual blocks and attention layers. The
noisy image z; is processed by an encoder—decoder convolutional network with skip connections.
A learned encoding of the timestep t is injected into the residual blocks so that the network
knows how much noise is present.

This architectural choice is natural:

the U-Net captures local and multiscale image structure,

residual blocks stabilize deep computation,

self-attention improves modeling of long-range spatial dependencies,

timestep embeddings allow the denoiser to adapt across noise levels.

So diffusion models combine a probabilistically motivated objective with an image architecture
already known to be effective for restoration and dense prediction.

12 Noise schedules

The schedule 5; controls the entire difficulty profile of diffusion. If noise is added too aggressively,
the reverse task becomes too hard. If it is added too slowly, generation requires too many steps.
A common basic choice is a linear schedule:

pr < B2 <--- < Pr,

with small positive values. The reverse variance is often tied to the forward process through a
simple choice such as
2
O-t = ﬂta
although more refined variants learn or modify these quantities.

Intuitively, early timesteps should preserve most semantic structure while corrupting fine
details, and later timesteps should wash the sample into near-isotropic noise.

13 Sampling from the reverse process
Once trained, generation begins from pure Gaussian noise:
zp ~ N(0,1).
The model then iteratively predicts the reverse mean and samples
Zi—1 ~ po(Zi—1 | Z¢), t=1T,...,1.

At each step, the network estimates the noise present in z;, and this estimate is used to partially
subtract noise and move the sample toward data space.

The overall process is computationally more expensive than one-shot generation, because
many reverse steps are needed. This high computational cost is one of the main trade-offs of
diffusion models.

14 Conditional generation and guidance

Diffusion models can be conditioned on auxiliary information such as class labels, text prompts,
or partial images. The idea is to modify the reverse process so that generated samples are not
only realistic, but also compatible with a condition c.

There are two main guidance strategies discussed in modern diffusion modeling.



14.1 Classifier guidance

One can train:

e an unconditional diffusion model,

e a separate classifier p(c | z;) that receives noisy inputs.

During sampling, the reverse step is adjusted in the direction that increases classifier confidence
for the desired condition. Conceptually, the classifier gradient nudges the sample toward the

target class.
This works, but it has drawbacks:

e the classifier must operate on noisy intermediate states,
e classifier gradients may become unstable or uninformative,

e a separate model is required.

14.2 Classifier-free guidance

A cleaner alternative is classifier-free guidance. Instead of using a separate classifier, one trains a
single conditional diffusion model with occasional dropout of the conditioning signal. The same
model therefore learns both:

e unconditional denoising,

e conditional denoising.

At sampling time, the two predictions are combined:

guided score = (1 — =) unconditional score + -y conditional score,

where v is a guidance scale.
This usually yields better practical behavior and is now the standard mechanism in text-to-

image diffusion systems.

Suppose the conditional model predicts a denoising direction that strongly favors samples
consistent with condition ¢, while the unconditional model captures the broader data
distribution. Combining them with guidance scale v > 1 amplifies condition-consistent
directions. As « increases, generated samples usually become more aligned with the prompt
or label, but they also become less diverse because sampling is pushed toward fewer highly
compatible modes. Thus guidance improves controllability at the cost of some variability.

15 Conditional and multimodal generation

Once conditioning is available, diffusion becomes a general-purpose framework for structured
generation. Examples include:
e class-conditional image generation,
o text-to-image synthesis,
e image completion and panorama completion,
e multimodal generation combining text, image, or other inputs.
The conditioning signal can be incorporated in different ways:
e scalar or vector conditions via embeddings added to the network,
e image conditions via channel-wise concatenation,
e text conditions via embeddings, cross-attention, or both.
This flexibility is one of the major reasons diffusion models have become the dominant
generative framework in image synthesis.



16 Latent diffusion

A major efficiency improvement is to perform diffusion not in pixel space, but in a learned latent
space. Instead of diffusing the full image x directly, one first encodes it into a lower-dimensional
latent representation:

h = B(x).

runs diffusion in latent space, and then decodes back to the image domain:

% = D(h).

This has two major benefits:

diffusion operates on smaller tensors, reducing computational cost;
the latent space can focus on semantically meaningful structure rather than raw pixel
redundancy.
This idea underlies latent diffusion models and the family of large-scale systems built on

them.

1

Suppose an image has spatial size H x W x C. If an autoencoding stage compresses it to
latent size
h xw X c, h< H w<gW,

then each denoising step processes far fewer activations. Since diffusion requires many
repeated neural evaluations, even a moderate compression factor yields a large total compu-
tational saving. This is why latent diffusion makes high-resolution generation much more
practical than pixel-space diffusion.

7 Strengths and limitations of diffusion models

Diffusion models have several notable strengths:

excellent sample quality, especially for images,

stable training relative to adversarial methods,

strong compatibility with conditional and multimodal generation,

flexible probabilistic interpretation through denoising and score estimation.

They also have important limitations:

generation is computationally expensive because many denoising steps are required,
vanilla diffusion acts in a latent space of the same size as the data, which can be costly,

guidance often improves fidelity but can reduce diversity.

Latent diffusion and accelerated samplers address some of these issues, but the basic trade-

off remains: diffusion models are powerful because generation is decomposed into many easy
denoising steps, yet that same decomposition makes them slower than one-shot generators.
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