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What are Generative Models?

discriminative generative
Discriminative Model X y
« “sample” x = “label” y “dog”

 one desired output

model
Generative Model
 “label” y = “sample” x model i
* many possible outputs ¢
Ildog!l




What are Generative Models?

data

data
distribution



What are Generative Models?

data

data
distribution

sample new data

estimated N p(atly)

distribution



Current Standard: Diffusion / Flow Matching

Forward Diffusion Process

Reverse Denoising Process

Esser et al. Scaling Rectified Flow Transformers for High-Resolution Image Synthesis. arXiv 2024.



Diffusion Models
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Diffusion Models

€o (xta t)

Unet, VIT, ...
(behaves like Denoising AE)

J J

output:
same size

condition:
also network input



* Noise to Data

Flow Matching

* Conceptually:
Any to Any
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marginalize

noise
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Image Data

g /“o‘
: \ VAE

’J—v Image

¥

Text-to-lmage Generation

U-Net VAE

Diffusion Model Image
(weights updated during training)

Encoder

&-Lwe ghts frozen)

Decoder
ﬁ (weights frozen)

Image Data

il /“‘
’S
_ -
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Text-to-lmage Generation

Stable Diffusion 2 Model Architecture

Image Data
. f"
-

1,

VAE U-Net

VAE
Image

Decoder
ﬁ (weights frozen)

Diffusion Model

(weights updated during training)

Encoder

&(we ghts frozen)

= xFormers

-~

Text Caption Data CLIP

“a corgi on a spring day” — )4
Encoder

B (weights frozen)

used during training used exclusively during inference
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... + 1-Step Distillation

Geng et al. Mean Flows for One-step Generative Modeling. NeurlPS 2025.
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... + 1-Step Distillation
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Pretty Image / Video / 3D Generation
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More Than... Pretty Image / Video / 3D Generation




1. Physics Emerges from Visual Generation

Nominal OOD Safety

s . o
‘\\ @' ‘ ,/ A

“Close the laptop I|d Generated frames X Unsafe

Devin et al. Evaluating Gemini Robotics Policies in a Veo World Simulator. arXiv 2025.
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2. ICL Emerges from Visual Generation

Perception - superresolution Perception - conjunctive search / binding problem
Fear e - = 3 T a - - 3 E = Bd =— &

e - == =

e

Modeling - buoyancy
AEEN [y Llly..- ¥y ¥ 31 &
il BN 'Y s

Xe

b 3 el

Reasoning - rule extrapolation
‘ L
- n

Wiedemer et al. Video models are zero-shot learners and reasoners. arXiv 2025.



3. Reasoning Emerges from Visual Generation

Physics 222, Modern Physics, Exam 2
NAME

You are graded on your work, with partial credit where it is deserved.

Please be clear and well-organized in all your steps.

1. (15) Show that
W(x1)= o~ xIh —iEtih
satisfies the ime-dependent Schrodinger equation for a free particle
M (xt) B M¥(x1)
or 2m ok’

and obtain the energy E in terms of the momentum p.

ih

(b) (5) Is this wave traveling in the positive or the negative x direction? Explain,

Gemini Nano Banana Pro

e
—

Physics 222, Modern Physics, Exam 2 4
NAME A/ex Sm:ﬂb

You are graded on your work, with partial credit where it is deserved.

Please be clear and well-organized in all your steps.

1. (15) Show that
W(xt)=e ipxIhg-iEtih e'.‘(P’“’Et)/h
satisfies the time-dependent Schrodinger equation for a free particle
» M(xt) K PW(xr1)
R ey
d ot 2m  ox*

and obtain the energy E in terms of the momentum p.

Cop O _ i D [ -i(px+EY)/A a*Y _ 3 [(-ip _(-ip)\ d¥
LHS: ih 3¢ = iR afcs[e__( "Et)/h] ax*  ox [( ﬁ)\y '( ’f?) ax ¥
= ih(-if) " _a_zasz:_n_z(_;:)\y
=-PE¥Y=E¥Y v % "2m ax*  2m\ ®?
2
2 =y /
RHS: ~2m ox? 2m
QY _ 9 [ -ilpx+Et)/R] _ —ip Set LHS = RHS:
ox  ox [e' ] h ¥ EY = _p_’_\y
RY _ 2 [(-i - -ip 3¥ : bl
x% 9x [( _;\E)\P]— h ox Since Y#0,
= (-ip)(-ip)y = _ P2 D
w ( "f?)( h) h"\y E 2m | QED.

(b) (5) Is this wave traveling in the positive or the negative x direction? Explain.
- -i(px+Et)/h
The wave function is ¥(x,t)=¢e " i

The phase is gb o= ADELEL) X;Et) :

For a point of constant phase, %% =0.
d -
:—t(px+Et)=O = p(a-%)+E—O
ve|oci+y v =13 S
Since E = %\- >0, and assuming p>0 (momentum maSnih;de),

V= -TE,- is negaﬁve. -

Therefore, the wave is fraveling in the @aﬁve X direcﬁon‘_

https://x.com/karpathy/status/1992655330002817095/photo/1
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Perception Generation Action
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Unified Multimodal Models

cute

cat

<BOI>|:

........

0 !,, | [what

color

is its

nose ?

T [ 1

I

Transformer

T

A

T

cute

(I

cat

Zhou et al. Transfusion: Predict the Next Token a

111

T

T

™ EOI> What color s

nd Diffuse Images with One Multi-Modal Model. ICLR 2025.

T

its nose
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Unified Multimodal Models

cute

cat

<BOI>|:

A

What

color

T

Transformer

T

A

T

cute

FoT

T

11

T

T

caa . <o> A B B ™ <co> what

t

VAE Decoder

Linear or U-Net Up
t
Transformer
Linear or Q U-Net Down

Noising
VAE Encoder

e

Zhou et al. Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model. ICLR 2025.
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Unified Model:

Input Generated Response
Maze
c Action Sequence: C P c c c
D D s
LZI Go left. Go left. Go Go left. Dl A Go left. = Lj Go up. |_L—j Go left. Dl 2 Go up. Lﬁ The answer is D.
0 | ‘| up. Go left. Go up. g| — 8| ~—— B | L—— BTL:. B | b
MiniBehavior

Action Sequence:
d Go right.

Go right. Go right.
Pick up. Go left.

Go left. Go up.
Drop. Carrying: printer. Go left. Carrying: printer. Drop. Carrying: None.
Action Success.
FrozenLake
oY Action Sequence: S Q2 Q.
- Go down. Go down ” 2 = "
@ @@ right ol right ‘ Godown. (2 Godown. 2 & @ Goright. @ @ Action Failed: Fallinto the Hole.
Go up. Go left. Go @ @ —_
left.

Li et al. Imagine while Reasoning in Space: Multimodal Visualization-of-Thought. arXiv 2025. 26



Unified Model:

REED-VAE

Mask-guidance: Example-guidance:

Text-guidance: External edit:
“Make it a sunset.” Increase Saturation + “sailboat” Vanilla-VAE

27

Amog et al. REED-VAE: RE-Encode Decode Training for Iterative Image Editing with Diffusion Models. arXiv 2025.



TUNA

Image

Response VAE Decoder

Language Head Unpatchify Layer

1 1

Transformer

1 L

Text Tokenizer Representation Encoder

Prompt .
Patchify Layer

VAE Encoder

Image

Q1. Do We Need Encoders?

TUNA-R

Response Image

Language Head Unpatchify Layer

1 L

Transformer

 § 1

Text Tokenizer Representation Encoder

Prompt .
Patchify Layer

Image

TUNA-2

Response Image

Language Head Unpatchify Layer

L} 1

Transformer

1 1

Text Tokenizer Patchify Layer

Prompt Image

MMVet

VisuLogic /

2 ./.\. N2

OCRBench

e
) @, .
CountBench . v

SEED-Bench2+ MMVP

Liu et al. Tuna-2: Pixel Embeddings Beat Vision Encoders for Multimodal Understanding and Generation. arXiv 2026.

/ ® TUNA
X
B TUNAR

¢ TUNA-2
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Q2. Autoregression vs. Diffusion

Autoregressive Language Model

Hu et al. ELF: Embedded Language Flows. arXiv 2026.

Once |-~ _ upon a rF-~_ time ~_ :
N Y N
\ \ \ N
f % f % ! \ ! % f
s \ \‘ G \ - \ s
\
AR-LM ] 1 [ AR-LM ] : AR-LM ] ] AR-LM ] : AR-LM J
C \ \ \ \ & \ \
\ \ \
\ \ \
r Wt Wt 1 S
BOS ~~» Once ~~» Once upon ~» Once | upon a ~» Once | upon a time
Diffusion Language Model
, () From AR One ) Once ) Once
he * oui the upon
k |-|DLM |- | a DLM [ - [ _a DIM [—»-|_& [-(DLM| - [_2
the time time time
— \— . P G
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