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Background: Generative Models for Image Synthesis

Deep Generative Learning

Learning to generate data

Train

Samples from a Data Distribution Neural Network

Figure: lllustration of generative modeling (Vahdat Arash, Song, and Meng, 2023).

Vahdat Arash et al. CVPR 2023 Tutorial Denoising Diffusion-based Generative Modeling: Foundations and Applications, 2023.
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Timeline of Generative Models

1980s-2000s 2013 2016 2020 2021-2023

2000s-2010s 2014 2018 2020 ‘ g

2014 2015

Figure: Timeline of key developments in generative models (Deng, 2024).

Deng, [CS7352] Advanced Neural Network Theory and Application, SJTU Spring, 2024.
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Diffusion Models: Theory

© 2025 Sakura



Denoising Diffusion Models

Denoising diffusion models consist of two processes:
» A forward diffusion process that gradually adds noise to the input.

» A reverse denoising process that learns to generate data by denoising.

Forward diffusion process (fixed)

Data Noise

Reverse denoising process (generative)

Figure: Diffusion models generate data through iterative denoising (Sohl-Dickstein et al., 2015; Ho, Jain, and
Abbeel, 2020). Image credit: Vahdat Arash, Song, and Meng, 2023.

Sohl-Dickstein, et al. Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML, 2015.
Ho, et al. Denoising Diffusion Probabilistic Models, NeurlPS, 2020.
Vahdat Arash et al. CVPR 2023 Tutorial Denoising Diffusion-based Generative Modeling: Foundations and Applications, 2023.
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

N L L o A A

;
q(xe | xe-1) =N (Xri V1—P thlaﬁfl) = q(xar [x0)=]]alx|x-1)  (joint)

t=1

Image credit: Vahdat Arash, Song, and Meng, 2023.

Vahdat Arash et al. CVPR 2023 Tutorial Denoising Diffusion-based Generative Modeling: Foundations and Applications, 2023.
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Forward Diffusion Process and Step-by-Step Expansion
Summary of the Forward Diffusion Process:

Xt = \/QuXp_1 + ﬂetv q(xt | xe—1) ~ N (Xt? \/1_7/899*1’5”)
t
xe = Va0 + /1 aGee, = [
i=1

Detailed Step-by-Step Expansion:

Xt = \J/oexe—1 + met

Xt = /0 (\/mxt72 + m&—1> + V1 — e
Xt = \JOrQp_1Xr—2 + \/atmft—l + mﬁt
Xt = \/Qrar_10¢ Xt 3+ -+ /1 — arap_1e€

Xt = \/O_TtXO + \/1_70_41*6
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Diffusion Kernel

Forward diffusion process (fixed)

Data Noise

t
Define: @, = H(l —Bs) = q(x¢ | x0) =N (x¢; V@i xo, (1 —@;)l) (Diffusion Kernel)
s=1

For sampling: X =VarXg+ V1 —ace€ where € ~ N(0,1)

The noise schedule {f;} is chosen so that @t — 0 and g(x7 | x0) =~ N (x7;0,1).

Image credit: Vahdat Arash, Song, and Meng, 2023.

Vahdat Arash et al. CVPR 2023 Tutorial Denoising Diffusion-based Generative Modeling: Foundations and Applications, 2023.
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What happens to a distribution in the forward diffusion?

So far, we discussed the diffusion kernel g(x¢|xg) but what about g(x;)?

Diffused Data Distributions

Data Noise
q(xt) = /q(xo,xt) dxg = /G(X(J) q(xt|xo) dxq «
. , S NGV — t
Diffused Joint Input Diffusion
data dist. dist. data dist.  kernel
The diffusion kernel is Gaussian convolution. alxo) q(xy) q(x,) q(x3) q(xq)

We can sample x; ~ g(x;) by first sampling xo ~ g(xo) and then sampling

Xt ~ q(x¢|xo) (i.e., ancestral sampling).
Image credit: Vahdat Arash, Song, and Meng, 2023.

Vahdat Arash et al. CVPR 2023 Tutorial Denoising Diffusion-based Generative Modeling: Foundations and Applications, 2023.
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Generative Learning by Denoising

Recall that the diffusion parameters are designed such that q(x71) =~ N (x1;0,1).

Diffused Data Distributions

Generation:
» Sample x7 ~ N (x7;0,1) "
> |teratively sample i ) ¥ i i)
X
Xe-1~  q(Xe-1 | Xe)
—_———
True Denoising Dist.
a(xo) a(xy) alxy) q(x3) q(xq)
q(xolx) alx,1x;) alx;1x;) q(x3|Xs) qxr1|x7)

Can we approximate g(x:—1 | X¢)? Yes, we can use a normal distribution if ¢ is small
in each forward diffusion step.
Image credit: Vahdat Arash, Song, and Meng, 2023.

Vahdat Arash et al. CVPR 2023 Tutorial Denoising Diffusion-based Generative Modeling: Foundations and Applications, 2023.
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Reverse Denoising Process

Formal definition of forward and reverse processes in T steps:

Reverse denoising process (generative)

Data Noise

p(xt) = N(x7:0,1)
.
po(xe-1 | xe) =N (xe-1; polxe, 1), 021) = palxor) = plxr) [ polxe-1 | xe).
t=1

where pg(x¢, t) is a trainable network (e.g., U-Net, Denoising Autoencoder)
Image credit: Vahdat Arash, Song, and Meng, 2023.

Vahdat Arash et al. CVPR 2023 Tutorial Denoising Diffusion-based Generative Modeling: Foundations and Applications, 2023.
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Learning Denoising Model

Variational upper bound

P For training, use a variational upper bound (as in VAEs):

By log po(x)] < gy [0 22052 = 1

ax(z|x)

> x; = \/arxg + /1 — are, mean parameterized as (Ho, Jain, and Abbeel, 2020):

po(xt, t) = \/% (xt - %ee(xn t))

P Variational objective:

;
L=Eqx.0) {Z AtEqxe [xo) [He —eo(Varxo + V1 - are, t)Hﬂ
t=1

P Set \; = 1 for all t works best (Ho, Jain, and Abbeel, 2020).

Ho, et al. Denoising Diffusion Probabilistic Models, NeurlPS, 2020.
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Summary

Training and Sample Generation

Algorithm1-Training

1: repeat

2 X0 ~ q(xo)

3: t ~ Uniform({1,...,T})

4 e~ N(0,1)

5: Take gradient descent step on

Vo |le — €o (Varxo + V1 — Gure, t)||2

6:  until converged

Algorithm2-Sampling

1:

2
3
4:
5
6

x7 ~ N(0,1)
fort=T,...,1do
z~N(0,I)

1 e
Xt—1 = Jar (Xt — ﬁee(xh t)) + oz

end for

return xg

Algorithms are derived from (Ho, Jain, and Abbeel, 2020)

Ho, et al. Denoising Diffusion Probabilistic Models, NeurlPS, 2020.
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Applications in Remote Sensing
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Introduction to DiffusionSat

longitude 730.71. [ —] diffusion timestep
t — addition
latitude 28.38 D — \wj
GsD ] timestep embedding ——» concatenation
D
cloud cover 0 . [ ] = metadata embedding —— cross attention
year 2016 . [ } sinusoidal projection

] combined embedding
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& MLP embedding

VAE Encoder
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noise. Stable Diffusion N .
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Figure: Overall architecture of the DiffusionSat base model, showing how freely-available metadata (sensor
type, date, location) is fused with a diffusion backbone to generate high-fidelity satellite imagery (Khanna et al.,
2024).

Khanna, et al. DiffusionSat: A Generative Foundation Model for Satellite Imagery, ICLR, 2024.
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Text Encoder in DiffusionSat

» Input Prompt: "A satellite

longiude 8071} (D diftusion fimestep
: e cson
i n wide  anl) = &
1mage Of a farmland asD o [ . [ ) fimestep embedding —— concatenation
coudcover 0 ) NN 2 + metadata embeding . crossattention
. . . Joar wie P — inusoidal project
» Tokenization: . [ — B g posion
ey [— ‘ [3 vag Encoger
it 1 TN
» Split into subwords — i € vaEDecoor
tokens [ G?aﬁan Stable Diffusion I [ cup text sncoder
Denoising U-Net e ~ o Sonosngloputn
» Example mapping: :&:Am;;zﬂ‘f;zi\;w*,:i; e 2 o8 motacata

,  ltenspece
7 imege features

{"A" : 101, " satellite”

564, ..., <E0S>: 102}
Figure: The text encoder module (OpenAl CLIP) tokenizes the
> CLIP Text Encoder: input prompt and produces a 512-dimensional embedding to
> Token IDs —s 512-dim condition the diffusion backbone (Khanna et al., 2024).

:J
text embedding

embedding
» Captures semantic features

Khanna, et al. DiffusionSat: A Generative Foundation Model for Satellite Imagery, ICLR, 2024.
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Metadata Encoder in DiffusionSat

» Input Metadata Example:

ongitude 2071} @D — difusion imesteo
wivde 2w -

—— addition

. . s v e 1 limestep embecding ——+ concatenation
> Sensor' Sentlne|_2 coudcover 0 ) N 2 + metadata embedding s cross attention
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CLIP text encoder

dencising loop with
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» Processing Module: Metadata
Encoder Figure: The Metadata Encoder transforms raw satellite metadata
into a fixed-length embedding to condition the diffusion
» Qutput: 512-dim conditioning backbone (Khanna et al., 2024).

embedding

Khanna, et al. DiffusionSat: A Generative Foundation Model for Satellite Imagery, ICLR, 2024.
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Image Processing & Diffusion Steps

> Training Process:

>
>
>

Input: Clean satellite image
Encode: Image Encoder — latent
Forward Diffusion: Add Gaussian
noise over T steps

Conditioning: Inject Text &
Metadata embeddings

Learn: UNet predicts and removes
noise

» Inference Process:

>

>

>

Input: Random noise latent

XT NN(O, /)

Reverse Diffusion: Iteratively denoise
via UNet (conditioned)

Decode: Latent Decoder — final
high-fidelity image

Khanna, et al. DiffusionSat: A Generative Foundation Model for Satellite Imagery, ICLR, 2024.

Stable Diffusion
Denoising U-Net €

Figure: Comparison of the training (forward diffusion)
and inference (reverse denoising) pipelines in the
DiffusionSat base model, showing how images traverse
the encoders, diffusion backbone, and decoder (Khanna
et al., 2024).
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Reverse Diffusion: Sampling

» High-Level Sampling;:
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Figure: High-level sampling distribution for the DiffusionSat base
model.
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DiffusionSat+3DControlNet: Framework Overview

temporal layer i

8051, 50.44, 061,
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Figure: 3DControlNet in DiffusionSat (Khanna et al., 2024).

Khanna, et al. DiffusionSat: A Generative Foundation Model for Satellite Imagery, ICLR, 2024.
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DiffusionSat+3DControlNet: Temporal Prediction Results

SD + 3DCN MCVD

LR

2009-03 2011-08 2016-07

a
2016-03 2016-07

a satellite inage of a recreational facility in USA

Figure: Generated samples from the fMoW-temporal, for temporal prediction (Khanna et al., 2024).

Model t' >t <t
SSIMT  PSNRT LPIPS, | SSIM?  PSNRtT  LPIPS|
0.2181 11.3004 0.5342

0.2862 12.4990  0.5307
0.4293 14.8699  0.3937

0.2027 11.0536  0.5523
0.3297  13.6938  0.5062
0.3983 13.7886  0.4304

SD + 3D CN
DiffusionSat + CN
DiffusionSat + 3D CN

Table: Table 4: Sample quality quantitative results on fMoW-temporal validation data. t' > t represents
generating an image in the past given a future image, and t’ < t is the task for generating a future image given
a past image.

Khanna, et al. DiffusionSat: A Generative Foundation Model for Satellite Imagery, ICLR, 2024.
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DiffusionSat+3DControlNet:Super-Resolution Results

HGB

Figure: Example results: DiffusionSat for multi-spectral super-resolution (Khanna et al., 2024).

Khanna, et al. DiffusionSat: A Generative Foundation Model for Satellite Imagery, ICLR, 2024.
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Further Discussion
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Using Gen Al to Make New Images

» Generative models can create new, realistic images.
> We can use them to make more training data.

> Example: Give a “before” image and a description, get a new “after” image.

X’past"’p (Xlxpre» CT)

+ suffer from
volcano eruption
C ‘ Generative Models ‘
T

N
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Supplymentary
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How Do We Augment Data?

Classic Methods:
» Flip, rotate, crop, change colors, etc.
Modern Methods:
» Mix two images together (Mixup) (Zhang et al., 2018).
» Cut and paste parts of images (CutMix) (Yun et al., 2019).

Original l
Samples z Soft Label Example (CutMix):

Input cutmix_label = X - labely + (1 — X) - labelg

Image

Example: X = 0.5, labely = [1,0], labelg = [0, 1]

Figure: llustration of modern augmentation methods. From
Left to Right: Mixup (Zhang et al., 2018), Cutout (DeVries and
Taylor, 2017), and CutMix (Yun et al., 2019).

cutmix_label = 0.5 X [1, 0] + 0.5 x [0, 1] = [0.5, 0.5]

Zhang, et al. Mixup: Beyond Empirical risk minimazation, ICLR, 2018.
Yun, et al. CutMix: Regularization Strategy to Train Strong Classifiers With Localizable Features, ICCV, 2019.
DeVries, et al. Improved Regularization of Convolutional Neural Networks with Cutout, arXiv, 2017.
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Generative Models for Data Augmentation

Aerial images Pixel-wise labels Aerial images Pixel-wise labels

y Vv 1

SatSyn (Toker et al., 2024) pro-
poses a generative model (diffu-
sion model) to generate both im-
ages and corresponding masks for
satellite segmentation. The syn-
thetic dataset is used for data
augmentation, yielding signifi-
cant quantitative improvements
in satellite semantic segmentation

— o~
o
=

= 20

g8 compared to other data augmen-
2 1 tation methods.

E 0

g

S o

Toker, et al. SatSynth: Augmenting Image-Mask Pairs through Diffusion Models for Aerial Semantic Segmentation, CVPR, 2024.
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Application in Remote Sensing Image Generation: Text2Earth
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Figure: Text2Earth: Foundation model for text-driven Earth observation (Liu et al., 2025).

Liu, et al. Text2Earth: Unlocking text-driven remote sensing image generation with a global-scale dataset and a foundation model. GRSM. 2025.
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Text2Earth: Example Results

The River Winds
Through the
Yellow Desert

There are Some
Buildings With
White Walls in a
Commercial Area

There are
Houses by
the Beach

Several Green
Circular Fields are
Neatly Arranged
on the Ground

A Dense
Commercial Area
has Lots of
Varied Buildings

At the Edge of the
Desert, you can
See a Lake and

Green Mountains

Nourished by the

Lake

There is a Red
Building in a
Meadow

There is Yellow
Desert With a

Line of Green "ﬂ
Plants Bgpnan

A Curved Road
Passes Through
the Dense Forest

Figure: Example results generated by Text2Earth (Liu et al., 2025).

Liu, et al. Text2Earth: Unlocking text-driven remote sensing image generation with a global-scale dataset and a foundation model. GRSM. 2025.
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Application in Remote Sensing Image Generation: CRS-Diff

Input Tokens

Iopooug
dVA
Jude] oSew]

Trainable

.

Figure: CRS-Diff: Controllable remote sensing image generation framework (Tang, Li, et al., 2024).

Tang, et al. CRS-Diff: Controllable Remote Sensing Image Generation with Diffusion Model. TGRS. 2024.
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CRS-Diff: Example Results

Condition-1  Condition-2 Results

Figure: Example results generated by CRS-Diff (Tang, Li, et al., 2024).

Tang, et al. CRS-Diff: Controllable Remote Sensing Image Generation with Diffusion Model. TGRS. 2024.
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