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Generative Vision Models, Mental Imagery
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We’ve seen how to compute
representations of words and sentences.
What about images?

http://people.cs.umass.edu/~miyyer/cs685/
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Grayscale images are matrices
= AL CEEEEMOEEE

EENEN R R ENEENE

EEINRR BRI R

EEIRIEEIEIRIEE

B EN R ENENERENEN

HIEIRIRREEEE

R REI DR

BRI RN E RN

EEIE R ENE B

http://people.cs.umass.edu/~miyyer/cs685/
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Color images are tensors
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Channel x height x width x

Channels are usually RGB: Red, Green, and Blue
Other color spaces: HSV, HSL, LUV, XYZ, Lab, CMYK, etc

http://people.cs.umass.edu/~miyyer/cs685/
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Convolution operator

operation
=T —
Input image k ( X ,y) Output image
f(x.,y) g(x,y)

gxy) = z z k(u,v)f(x—u, y—u)

http://people.cs.umass.edu/~miyyer/cs685/; Image Credits: http://what-when-how.com/introduction-to-video-and-image-
processing/neighborhood-processing-introduction-to-video-and-image-processing-part-1/
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Image Filtering

Input image *
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(Filter, Kernel)

Weights >
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http://people.cs.umass.edu/~miyyer/cs685/

Output image
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Demo:
http://setosa.io/ev/image-

kernels/

http://people.cs.umass.edu/~miyyer/cs685/

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 7
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Convolutional Layer (with 4 filters)
weights:

Ax1x9x9
Input: 1x224x224 =

-~

Output: 4x224x224
if stride =1

In summary, to convolve an x n x e¢with a f x f x ¢filter
with the stride s and padding p, the generated output size
should be (221 L +1) % x (HES L +1) x 1. However, in
some cases, the value of —— iz p ! sometimes is not integer, thus

we will take the floor value, which is [—"+2sp_f j

Example: https://guandil995.github.io/Padding/
Wi5e2025-2026 http://pebprAtsRarmyled ay™imijyee/cs685/



http://people.cs.umass.edu/~miyyer/cs685/
https://guandi1995.github.io/Padding/

v
‘\ :
m b m -
I2 1 Universitit Hamburg CHAI 7, 3¢
DER FORSC Humanities-Centered Al

HUNG | DER LEHRE | DER BILDUNG

Convolutional Layer (with 4 filters)
weights:

Ax1x9x9
Input: 1x224x224 =

Output: 4x112x112
. if stride=2

In summary, to convolve an x n x e¢with a f x f x ¢filter
with the stride s and padding p, the generated output size
should be (221 L +1) % x (HES L +1) x 1. However, in
some cases, the value of —— iz p ! sometimes is not integer, thus

we will take the floor value, which is [—"+2sp_f j

Example: https://guandil995.github.io/Padding/
Wi5e2025-2026 http://pebprAtsRarmyled ay™imijyee/cs685/
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Pooling layers to reduce dimensionality

Convolutional Layers: slide a /

set of small filters over the @7

image /32

|

Pooling Layers: reduce
dimensionality of representation

Wi5e2025-2026 http://people.cs.umass.edu/~miyyer/cs68/

32
—
——0000@
Why reduce L
. dimensionality?
Single depth slice o e
1 112 )| 4
max pool with 2x2 filters
5|6 |7 |8 and stride 2 6
3 | 2 [WINEO 3|4
1123 | 4
y image: https://cs231n.github.io/convolutional-networks/
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Alexnet

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca 1ilya@cs.utoronto.ca hinton@cs.utoronto.ca

The paperthat started the
deep learning revolution!

Wise2025-2026 http://p&EHR.EBANUE P MG \SF /cs685/ L
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Image classification
Classify an image into 1000 possible classes:

e.g. Abyssinian cat, Bulldog, French Terrier, Cormorant, Chickadee,

Red fox, banjo, barbell, hourglass, knot, maze, viaduct, etc.

s cat, tabby cat (0.71)
Egyptian cat (0.22)
red fox (0.1) .....

Train on ImageNet challenge
dataset, ~1.2 million images

Wise2025-2026 http://peephé dalirdas sieduyranilig/yer/cs685/ 12
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Alexnet
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vectors of
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154 587
features).
Represented
as a vector
of 4096
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» The two fully connected and softmax layers are similar to a multi layer perception and could
actually be replaced by other kinds of classifiers such as Random Forests or SVMs. However,

they are really important for the trainin

WiSe2025-2026

§P
GenAl | Ralf Moller, S lvia

https //Iearnopencv com under tanding-alexnet/

hase of the neural net.
elzer
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Revolution of depth
“Revolution of Depth”
30 282
152 Iayers| |152 Iayers| |152 layers
25
F — Ao A
20
15 ,
| 19 Iayers| |22 layers,
10
7.3 6.7
5.1
5 3.6
- I HEm e B
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Linetal Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et 3| He et al Shao et al Huetal Russakovsky et al
Perronnin (AlexNet) Fergus  Zisserman (VGG) (GoogLeNetl (ResNet) (SENet)

Wise2025-2026 He et al.(2015), Beap REQMAEIr A S P iRERe Recognition 14



https://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf

o G tive Model [T:
Universitit Hamburg e n e ra Ive o e S CHAI 7, 3¢
DER FORSCHUNG | DER LEHRE | DER BILDUNG Humanities-Centered Al
GAN: Adversarial < |l x Discriminator 2 Generator ,
. X
training D(x) G(z)
VAE: maximize o Encoder oz _]ﬁ o %!
variational lower bound q¢(z|x) po(x|2)
Flow-based models: x Flow o Z Inlrfrse . x
Invertible transform of f(x) [ (=)
distributions
Diffusion models:_ X0 " X1 Xol — -~ Z
Gradually add Gaussian - - - - - - - —m—— - - - -
noise and then reverse
WiSe2025-2026 https://lilianweng.github.io/posts/2021-07-11-diffusion-models/ 15
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Evolution of Generative Vision Models

VAEs, 2013 GANs, 2014 PixelCNN, 2016 BigGAN, 2019 Imagen, 2022 SORA 2024

https://deeplearning.cs.cmu.edu/F24 /document/slides/lec24.diffusion.pdf

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 16
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Generative Adversarial Network (GAN)

Real
Samples

Latent
Space
| —*\‘\“_. " 1sD
; ‘. Correct?
= — :
\J
m Generated i
Fake |
el x Samples .
] https://www.kdnuggets.com/2017/01
— | Fine Tune Training /generative-adversarial-networks-
T ’ hot-topic-machine-learning.html

Noise 17
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Metrics for Quantifying the Similarity between two
probability distributions

Kullback—Leibler Divergence Jensen—Shannon Divergence
1 1
Dics(olle) = [ p(x)logpgi Dys(pll)) = 5 Dre(@l P5-4) + 5 Drculal 25 2)

https://lilianweng.github.io/posts/2017-08-20-gan/

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 18
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The distributions are KL measures: How bad is q, if the
similar, but slightly shifted. true distribution is p?
0.4 0.4 T
red: (X) 0.3 31— gizz::z) i Z red: DKL(p"q)
- P . , | blue: Dy(qllp)
blue: q(x) ' ! 011 ! >
5 ol NN Diu(plla)
0.0 1 H h
-4 -2 0 2 4 4 2 0 2 4 \ DKL(q"p) y
— Dwlpllm) | 0.03 4 I
m = | 0109 pyqlim
2 0.05 1 0.02 A1
red: Dy (pllm) food— ] . black: Ds(pllq)
blue: D¢ (qllm) / _oos]
0.00
-4 -2 0 2 £II -4 -2 0 2 4

https://lilianweng.github.io/posts/2017-08-20-gan/
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 19
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Generative Adversarial Network (GAN) SIEIENENE
Real 4 i . .
Samples V(D,G) value function; set D

If goal: Dy, (plla) = Dyu(allp) | 5, V(D,G):

Latent
Space

Noise

=>»instable training mc;in V(D*,G) mGin Dis(pllq)
J

0.031 — Djs(pllq) ' (’7
, IsD ,
{ Correct? . 002
q 0.01 -
Generated 0.00 t-— — A : .
Fake i : -4 -2 0 2 4
Samples ; : X

https://www.kdnuggets.com/2017/01
Fine Tune Training /generative-adversarial-networks-

""""""""""""""""""""""""""""""""""""""""""""""" hot-topic-machine-learning.html

G generates data, D distinguishes between them, V(D,G) couples

20

both in such a way that the JSD is minimized at the optimum.
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The GAN Problem of P q

Real Datap, . Generator p,

201 6_2 017 - No Overlap .

X
@ L >

Support 1 Support 2
{x | PaaalX) > 0} {x | p4(x)>0}

Df(x)
T T
DJS(p"q) = Iog 2 Flat Gradient

m

Flat Gradient: Gradient = 0

No learning signal for t Generator
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Autoencoder

WiSe2025-2026

Latent

Decoder
Space

Encoder

—

T

Input Data Encoded Data Reconstructed Data

Understanding VQ-VAE (DALL-E Explained Pt. 1)). Charlie Snell

22
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Autoencoder - Example

Encoder Decoder

56 |73 |67|23(81|19

discrete codes
to image

image to *
discrete codes

56| 73|67 |23|81|19

WiSe2025-2026 https://mlberkeley.substack.com/p/dalle2 23
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Continuous latent
space, but...

Related Work - Autoencoder problem

Autoencoder - Projection of 200D Latent-Space to 2D (Cartoon Set)

80 |

Dimension-2

-75 =50

daytime
f g -«
e time of day of the
image

%

-
night time ‘L

-25 0 25 50 75 100

Dimension-1

WiSe2025-2026

An Oversimplified Example of a Cat/Dog Image Latent Space

_
oy

More cat-like More dog:like

how dog-like versus cat-like an image is

\/

Understanding VQ-VAE (DALL-E Explained Pt. 1)). Charlie Snell

24
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Variational Autoencoder (VAE)

Decoder

https://www.youtube.com/watch?v=gleaCHQ1k2w

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 25
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Variational Autoencoder (VAE)
p(x) q(zlx)

e BN

— i

p(x|2)
data distribution latent distribution

WiSe2025-2026 GenAl | Ralf Maéller, Sylvia Melzer 26
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Variational Autoencoder (VAE)

=N(0,1
q(z[x) ~p(zlx) plz)= (0,
. = NEIN,
p(x|z)
data distribution latent distribution

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 27
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Variational Autoencoder (VAE)
p(x)

Decoder

data distribution latent distribution

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 28
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Variational Autoencoder (VAE)

How to train this autoencoder?

\—15’.7,f-q(z|x)[l%'(p(xIZ))]}Jr KL(q(z1x)lIp(z)) |

| | |
Data consistency Regularization
(usual loss) (imposing a
normal

distribution on
the latent space)

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer
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Variational Autoencoder (VAE)

How to train this autoencoder in
practice?

Latent Space

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 30
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Variational Autoencoder (VAE)

How to backpropagate to the
sampling process?

-->Reparameterization Trick Latent Space

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 31



UH

it
21 Universitait Hamburg
DER FORSCHUNG | DER LEHRE | DER BILDUNG

CHAI 77 7

Humanities-Centered Al

Autoencoder vs. VAE

Dimension-2

80

40

20

Autoencoder - Projection of 200D Latent-Space to 2D (Cartoon Set)

20

15

10

Dimension-2

-75 -50 =25 0 25 50 75
Dimension-1

VAE - Projection of 2D Latent-Space (Cartoon Set)

-15 -10 -5 0 5 10 15
Dimension-1

WiSe2025-2026

GenAl | Ralf Mdller, Sylvia Melzer
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VAE

20 =

Latent space distribution Latent space is regularized. Vectors sampled from
after training latent space can generate valid data.

Vectors sampled from overlapping
distribution generates morphed data.

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 33



v
UH -
21 Universitait Hamburg CHAI

~
AR
DER FORSCHUNG | DER LEHRE | DER BILDUNG Humanities-Centered Al

VAE

20 #

Latent space distribution Latent space is regularized. Vectors sampled from
after training latent space can generate valid data.

Vectors sampled from overlapping
distribution generates morphed data.

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 34
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VAE results

- Creating new images, though the results are blurry

Vector Quantized
CelebA dataset Reconstructions VAEs, which provide

2| [
g e

a latent space for
sharper

. reconstructions. HE//_
--.\....._____ - " _//'-_ -

https://doi.org/10.48550/arXiv.1711.00937

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 35
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Vector Quantized (VQ)-VAE

4 ejézé3 eKV

Codebook . I

WiSe2025-2026 https://www.youtube.com/watch?v=yQvELPjmyn0 36
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312
zq(x) = e Codebook [ erezes A ¥ e,
where D
k = argmin; ||z, (x) — ej||2 >
z, (x) K z,(x)
Encoder ‘ Q_‘._’ Decoder
uantize

28x128 X 3 4X4X16 4xX4X16
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VQ-VAE

Sample
codewords

Take from

codebook Decoder

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 38



LI
UH et
—, y
L2 Universitit Hamburg CHAI 7

DER FORSCHUNG | DER LEHRE | DER BILDUNG Humanities-Centered Al

VQ-VAE

Decoder

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 39
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VQ-VAE ) e 2

Decoder

Quantize e:lél

Backpropagation
(typically weighted by ¥)

L(6,$,C;x,25) = —logpe(x]zq) +lIsglz. ()] — ell5 +1z. (x) — sgle]ll3

Codebook loss Commitment loss

(optimizes ()

Reconstruction loss

WiSe2025-2026 (optimizes ¢, 6)
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VQ-VAE

= DALL-E: The original DALL-E model used VQ-VAE to compress images into
a discrete set of tokens that could then be modeled by a transformer.

= Jukebox: Used for high-fidelity music generation.

= Voice Conversion: Applied in research for acoustic unit discovery and
voice conversion tasks.

= https://xnought.github.io/vg-vae-explainer/

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 41
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GAN: Adversarial < |l x Discriminator 2 Generator ,
. X
training D(x) G(z)
VAE: maximize x Encoder oz _]ﬁ o %!
variational lower bound q¢(z|x) po(x|2)
Flow-based models: x Flow o Z Inlrfrse . x
Invertible transform of f(x) [ (=)
distributions
Diffusion models:_ X0 " X1 Xol — -~ Z
Gradually add Gaussian - - --- [ ——mmmm - e
noise and then reverse
[ | L | L
WiSe2025-2026 https://lilianweng.github.io/posts/2021-07-11-diffusion-models/ 42
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Diffusion Models

Deep Unsupervised Learning using
Nonequilibrium Thermodynamics

Denoising Diffusion Probabilistic Models

Jascha Sohl-Dickstein JASCHA @STANFORD.EDU
Stanford University

Eric A. Weiss EWEISS @ BERKELEY.EDU
University of California, Berkeley

Niru Maheswaranathan NIRUM @ STANFORD.EDU

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
jonathanho@berkeley.adu ajayj@berkeley.edu pabbeeld@cs. berkeley.edu

Abstract

‘We present high quality image synthesis resulis using diffusion probabilistic models,
a class of latent variable models inspired by considerations from nonequilibrium
thermodynamics. Our best results are obtained by training on a weighted variational
bound designed according to a novel connection between diffusion probabilistic
maodels and denoising score matching with Langevin dynamics, and our models nat-
urally admit a progressive lossy decompression scheme that can be interpreted as a
generalization of antoregressive decoding. On the unconditional CIFAR1( dataset,
we obtain an Inception score of 9.46 and a state-of-the-art FID score of 3.17. On
256x256 LSUN, we obtain sample quality similar to ProgressiveGAN. Our imple-
mentation is available athttps: //github. com/hojonathanhe/diffusion

Jonathan Ho, Ajay Jain, Pieter Abbeel, Denoising Diffusion Probabilistic
Models, 2020, https://doi.org/10.48550/arXiv.2006.11239

Stanford University
Surya Ganguli
Stanford University

Abstract

A central problem in machine learning involves
modeling complex data-sets using highly flexi-
ble families of probability distributions in which
learning, sampling, inference, and evaluation
are still analytically or computationally tractable.

SGANGULI@STANFORD.EDU

these models are unable to aptly describe structure in rich

datasets. On the other hand, models that are flexible can be

molded to fit structure in arbitrary data. For example, we

can define models in terms of any (non-negative) function

(x) yielding the flexible distribution p (x) = 22, where

Z is a normalization constant. However, computing this
i tantis generally i

Here, we develop an approach that simult:
ously achieves both flexibility and tractability.
The essential idea, inspired by non-equilibrium
statistical physics, is to systematically and slowly
destroy structure in a data distribution through
an iterative forward diffusion process. We then
learn a reverse diffusion process that restores
structure in data, yielding a highly flexible and
tractable generative model of the data. This ap-
proach allows us to rapidly learn, sample from,
and evaluate probabilities in deep generative
models with thousands of layers or time steps,
as well as to compute conditional and posterior
probabilities under the learned model. We addi-
tionally release an open source reference imple-
mentation of the algorithm.

training, or drawing samples from such flexible models typ-
ically requires a very expensive Monte Carlo process.

A variety of analytic approximations exist which amelio-
rate, but do not remove, this tradeof—for instance mean
field theory and its expansions (T, 1982; Tanaka, 1998),
variational Bayes (Jordan et al., 1999), contrastive diver-
gence (Welling & Hinton, 2002; Hinion, 2002), minimum
probability flow (Sohl-Dickstein et al., 2011b:a), minimum
KL contraction (Lyu, 2011), proper scoring rules (Gneit-
ing & Raftery, 2007; Parry et al., 2012), score matching
(Hyvirinen, 2005, pseudolikelihood (Besag, 1975), loopy
belief propagation (Murphy et al., 1999), and many, many
more. Non-parametric methods (Gershman & Blei, 2012)
can also be very effective!

Jascha Sohl-Dickstein, Eric A. Weiss, Niru Maheswaranathan, Surya
Ganguli, Deep Unsupervised Learning using Nonequilibrium
Thermodynamics, 2015, https://doi.org/10.48550/arXiv.1503.03585
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Why Diffusion Models?

= Aim: Learning the data distribution (e.g., images)

= Traditional approaches:
GANs = unstable training
VAEs - blurry outputs

= Diffusion models:
Stable training
High-quality outputs

Representing the density (likelihood)
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer
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Diffusion Models

Forward / Noising process

Sample data p(X,) = turn to noise

Po(Xo) pr(xp)~N(0,1)
Clean | - - . Pure
sample Xa X1 Xz Xy noise

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 45
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Diffusion Models

Key idea: Generating images through reversing a gradual noising process

Diffusion

Model

For T times

Images/adapted process from: https://learnopencv.com/denoising-diffusion-probabilistic-models/

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 46
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Diffusion Models ,Slowly destroy
data with noise,

Two processes: then learn how to

= Forward diffusion (noising) undo it.”

= Reverse diffusion (denoising, learned)

Original
Data

Complete
Noise

Image: Benyamin Ghojogh, Ali Ghodsi, Diffusion Models: Tutorial and Survey, 2024. https://doi.org/10.31219/0sf.io/w7jcm
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 47
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Diffusion Models
The Forward Process

o —2 X1 72— T

Original » (’
Data | .gg
e

Lo < L1 < - < X7

The Generative Backward Process

Complete
Noise

Image: Benyamin Ghojogh, Ali Ghodsi, Diffusion Models: Tutorial and Survey, 2024. https://doi.org/10.31219/0sf.io/w7jcm
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 48
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Diffusion Models — Forward Process

=x1+pP €

11| o

G—*

Ty =xo+ B-¢€ N (z1, B)

e ~N(0,1)

https://www.youtube.com/watch?v=EhndHhIvWWw
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 49
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Diffusion Models

Xe =Xg+tf-€

q(x. | x9) = N(x0tB)

The diffusion process does not Goal:
converge to the normal distribution. q(x: | xg) N N(0,1)
— 00

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 50
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Diffusion Models

q(xe | xp—1) :\/1_,Bt -1+ B €

q(x; | x0) =Va,xo + (1 —a,) - €,
Ay = (1_,B)t

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 51
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Diffusion Models

= Forward diffusion: Add Gaussian noise over t steps

q(x; | x;_, ) defines the probability density function of an image at timestep ¢
in the forward diffusion process x;, given the image x;_;

Do (X¢— 1|xt
G- — (); @H H
. e

Image: Benyamin Ghojogh, Ali Ghodsi, Diffusion Models: Tutorial and Survey, 2024. https://doi.org/10.31219/0sf.io/w7jcm
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 52
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Diffusion Models

Reverse Diffusion: Removing noise
" Goal:pg(xe—q | x¢)
= Approach: Minimize —log pg(x,)

pﬂxtllxt
@* —@); @H H

""-._

Xt|xt—1)

Jonathan Ho, Ajay Jain, Pieter Abbeel, Denoising Diffusion Probabilistic Models, 2020, https://doi.org/10.48550/arXiv.2006.11239
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 53



https://doi.org/10.48550/arXiv.2006.11239

Detail
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see paper
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Diffusion Models

Z Dxr(q(xe—1 | ¢, 20) || po(me—1 | 2¢))

t>1

q(zy | x4—1)

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 54
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1 Negative log-likelihood

—logpyp(xp) = —log / po(xo, x¢)dxy

> = 10;:'; Pﬁ("—‘()) S ]Eq |: lo‘t’a

6 | Reparameterization trick

t>

'*',A.‘.f z
Z m_”)nr o t)]

https://www.youtube.com/watch?v=EhndHhIvWWw

2 Evidence lower bound

pa(xo, -l'f)

q(zy | zo)

|

CHAI ", [ \*

Humanities-Centered Al

3 Rewrite the ELBO

Predicting Noise Instead of Images

Eq[DxL(q(zr | 20) || p(z1))

+ Z Dxr(g(ze—1 ‘ T, To) H Po(Ti—1 | )

t>1

—log po(zo | -”1)]

53 Use Gaussians

«— 5 ZHM*I“ (e, t)]|?

t>1

l

4 Simplify the ELBO

> Dxw(g(@e-1 | @e,x0) || po(wey | o))

t>1

E,
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Diffusion Models - Results

VAE samples FFHQ samples

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 56



Text-to-lmage Generation (Diffusion Models)

« Goal: Generate an image that is semantically aligned with a [ a red apple on a table J
natural-language prompt l
» Model: Diffusion-based generative model with a denoising S )
network (U-Net) I——-> eno:sw'\g networ —l
e Text Encoding: The prompt is converted into a fixed i
— I

semantic embedding using a transformer veRE: |

» Conditioning: At each denoising step, the model predicts noise
conditioned on the image, timestep, and text (via cross-attention)

» Guidance: Classifier-free guidance strengthens prompt adherence
by steering denoising toward the conditional prediction

» Generation: Start from pure noise and iteratively denoise until

a clean image matching the prompt emerges Noise  Denoise ——-» Clean image

Iterate...

Key intuition: “Language does not create pixels directly—it guides the denoising trajectory

toward semantically consistent images.”
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Nice Applications. But...

* How can agents use text-descriptive image generation?

= Agent could generate “internal images” and interpret them to optimally carry out tasks
Planning might get easier with “mental imagery”

= Mental imagery (aka visual imagery) has a long tradition in cognitive psychology

= - Imagery Debate
Propositional or visual/”perceptive” reasoning
"Pylyshyn vs. Kosslyn”

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 58
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Me n ta I ROt a ti o n Standard Comparison shapes

0 B4
x g8

S
4

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 59
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Mental Scanning

Island stimulus for mental scanning used in
(Kosslyn, Ball, & Reiser, 1978). The island
contains different locations that differ in their
distance to each other. In the lower left corner
a hut, a well, a lake, and a tree are visible. On
the top is a rock and further locations include
grass and a beach.

Kosslyn, S. M., Ball, T. M., & Reiser, B.J., Visual images preserve metric spatial
information: evidence from studies of image scanning. Journal of
experimental psychology: Human Perception and Performance, 4(1), 47, 1978.

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 60
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Mental Scanning

= Using their mental image, participants are asked to shift their attention
from one entity in the image to another entity.

= |t turned out that participants take significantly longer for attention shift
between, for example, the hut and the rock, ...

= ..thantheydo for a shift between the hut and the well

= Strong linear correlation between the time it takes to scan between two
entities in the mental image and the distance between these two
entities in the original stimulus

WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 61
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Mental Reinterpretation

DQQQ

K“

<_.

(a)

ni

WiSe2025-2026

(b)

O_.

(a) The first figure in each line is described
to the participants verbally who then
mentally transform their mental images
according to verbal instructions so that
the depicted intermediate figures should
result.

(b) The respectively left one is briefly
shown to the participants who then
have to find an alternative
interpretation of just the right side of
the stimulus using their mental
image.

GenAl | Ralf Mdller, Sylvia Melzer 62
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Dual coding theory

= Human cognition divided into two processing systems:
visual and verbal.

= The visual system deals with graphical information processing and
the verbal system deals with linguistic processing

» These two systems are separate and are activated by different

|nformat|on Sadoski, Mark; Paivio, Allan, "A Dual Coding
. Ge nAI : Tex-t% I mage/video Theoretical Model of Reading", Theoretical

Models and Processes of Reading, DE:

= GenAl: Image/Video>Caption as text o e e o ey

2016.
WiSe2025-2026 GenAl | Ralf Mdller, Sylvia Melzer 63
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Counterfactuals and Causality
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Seeing How?
What if | see ... ?
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