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Problem 1
[T Coanpute det A, where
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i ]
el
B e e el
—

é )
R
Problem 2 > S L
(T%) Let ¥ and W be two subspaces of R®. Define V + W = {xlx = v +w,v £ V,w & W}. Prow A T %D =£x
that 17 + W is a subspace of E". 1 = %\-
. J

Gemini (Nano
Banana)

AMRENECHBARE
SR ERIAR F
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Problem 1
(7%) Compute det A, where

SRR 1]l
il 74 bl
A =l 12
I 28 1
@ o o L

\ )
Gemini (Nano
Banana)

Solution: Rz—R| ; R3'R| F R4‘R|, RS_R|

1 5 ) |

- |01 0 o ©
A o011 O O
o000 | O

O 00O 0 |
detA=1-1-1-1-1=1

Problem 2
(7%) Let V and W be two subspaces of R™. Define V + W = {x|[x =v + w,v € V,w € W}. Prove

that V' + W is a subspace of R™.

Solution: |, Zero vector: Since V and W are subspaces, O€V and O€W.
Thus, 0=0+0 € V+W.
2. Closed under addition: Let x;, X, € V+W. Then X; =V +Ww;, X2 =V +W,
for some V;, V. €V and w,, w, €W.
X +%, = (V+w) + (Vatwy) = (W, +V5) + (W, +w,)
= X, +X € V+W.
3 Closed under scalar multiplication: Let x € V+W and ceR.
x=v+w for veV, weW.
cx = c(vtw) = cv+ew = cxeV+W.

Therefore, V+W is a subspace of R".
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* https://index-tts.github.io/index-tts2.github.io/

Demo from Index TTS2

https://arxiv.org/abs/2506.21619
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Diffusion
FRTALE

( Flow Matching\
=5 2024)

* https://youtu.be/SH2bVEMYDNg?si
=_GKFSqSSz-8SZukA

* https://youtu.be/OYN_GVAQqv-
A?si=WxWP30eUukfXrchm

Autoregressive

(1£5E)

F”

A 168 s 4R S0 {a] ZE £ —itE

L
?ll

£ 2025 £




Diffusion Model B

0:03 / 49:29 = 3 =

(4ErEzNAIEES 2024]) 1738 @ BRATZAKNEMRAI (L) - AIMAZEEERMFR (Sora HiRFISERNIRIE)

https://youtu.be/5SH2bVEMYDNg?si=_GKFSqSSz-8SZukA

{57 4%

ACEARIAR F T AT T AR

* Variational Auto-encoder (VAE)
* Flow-based Method
* Diffusion Method

* Generative Adversarial Network (GAN) Sora MR Diffusion

Source of image: https://openai.com/index/video-generation-models-as-world-simulators/

[£rEzCAIE S 2024] 31838 : HMRKRNERAI (T) — REBESRERPKEM T X (VAE, Flow, Diffusion, GAN)
URRERNTERES

https://youtu.be/OYN_GvAqv-A?si=WxWP30eUukfXrchm
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Hygen: BI{EH @hungyilee FEENVAE 2/ > 52/ SR IR SRR HEUBCRERERIEY - BB B Eallt > AT A DL
B2 —(ErVHUERL -« —FbeEE 2/ VHURES > HURATYHUERR (sampling rate) + $l41 > 16kHz RYEUESR EIRE —F)
#E45 16,000 {lEHUGEL © 1 EHEEUREA 2%/ D n]gERYEE - ATEUAFEUELAEHTEE (bit resolution ) 5 & KLY 16-bit fi#
&4 65,535 T8 A RERAVEUE

(thEREm ATESH
aR o E
65,536 HYE{H -
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= BEMMERREE?

R G B
Mask B
R G B
Mask A
T2 Context R G B
Context
Pixel RNN Pixel CNN

https://arxiv.org/abs/1601.06759 https://arxiv.org/abs/1606.05328
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https://speech.ee.ntu.edu.tw/~

Little Demo hylee/mlds/2017-spring.php

input text: black hair blue eyes

Real
Pokémon

Never seen
by machine!

) O (W, o UL J “
s L ' ~4 i :
Y B A
l ‘ D q ' 1S
. ; f ) )
' hZ7 . WL TRy

ML Lecture 17: Unsupervised Learning - Deep Generative

Model (Part https://youtu. be/YNUek8ioAJk?t=537 (2017 FESN (B8 REAEHE
(2016 FEMFN (HRBE) LREER wmisib) fF% =)
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* Video Pixel Networks

https://arxiv.org/abs/1610.00527
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Video Pixel Metwork

L

PixelCHM CHM
Decoders Decoders

Resolution Pressnving
CHNM Encoders
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Video Generation

target

}

Minimize
distance

‘ Generator ’

\ J
] Discriminator thinks it is real

» Last frame is real
or generated

Video Generation by GAN

AL

2017 =E5FI (BB B AEE N
w1t

https://www.youtube.com/watch?v=TN8cJiomk_k
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Token 128

Token 256
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Tokenization Detokenization
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Tokenization Detokenization [ i
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=12 HYToken ?

v

M’*"»“MH*W e.g., 16,000 Hz

E . CNN +
E h [ Tokemzer ]‘ Transformer
As “close” E . . . . .~ €.8.,90Hz
as possible =
. %, e.g.,200
p different tokens
h [ Detokenizer
:lllllll> M‘MF'**



Discrete Representation

Real numbers

¢ T .
NN C €, 8,8, e, \
Encoder ¢ Embedding
C Space
o vL
.-'""-.-'_._'_._"_"___r_‘_
,_,- ql:z|x:| \\\\ o - 2,
1 B'e* 4
3 =
z (%) 7 2 ?_u{x]
53
NN { Enmder Decoder
0 .
. - .
Encoder ;" Decoder r VQ-VAE

https://arxiv.org/abs/1711.00937

[#33532021) B4EEESS (Auto-encoder) (F) - B S BRETIRH

https://youtu.be/JZvEzb5PV3U?si=EZaWgvTI2Um4vrpl&t=580
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Residual Vector Quantization (RVQ)

[ Tokenizer 1 ]

SoundStream  https://arxiv.org/abs/2107.03312

4.

EncoDec https://arxiv.org/abs/2210.13438

. . . @ Mimi https://arxiv.org/abs/2410.00037

[ Tokenizer 2 ] —l

[ Detokenizer ]
200 *
200° - -4

FREEEURIEER)

<

<




Discrete Audio Tokens: More Than a Survey!

Pooneh Mousavi*t'?, Gallil Maimon*®, Adel Moumen*?, Darius Petermann*®, Jiatong Shi*®,
Haibin Wu*7, Haici Yang*®, Anastasia Kuznetsova*®, Artem Ploujnikov®?, Ricard Marxer®, Bhu-
vana Ramabhadran!”, Benjamin Elizalde!!, Loren Lugosch!!, Jinyu Li", Cem Subakan'##1, Phil
Woodland?, Minje Kim'?, Hung-vi Lee'®, Shinji Watanabe®, Yossi Adi®, Mirco Ravanelli'+-**®

LConcordia University, “Mila-Quebec Al Institute, *The Hebrew University of Jerusalem, *University of Cambridge,

F 1 L L] 3 1 L] L] 1 ri L] - 1 1 - - T L] L] -

‘Indiana University, *Carnegie Mellon University, Microsoft, *Université de Montréal, "Université de Toulon,

100 11 12 5 . . 135 . . . . 14 . . . . .
Google, ~" Apple ““Laval University, ~~National Taiwan University, =~ University of Illinois at Urbana-Champaign

https://arxiv.org/abs/2506.10274
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=12 HYToken ?
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As “close
as possible

OpenAl DALL-E

https://arxiv.org/abs/
2204.06125

IIIIIIIII»( .

Tokenizer ]

v

=

3 77 23
31|l 7 7 |uuunun e.g.,8x8

J * \ different tokens
h[ Detokenizer ]
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Autoregressive Model Beats Diffusion:
Llama for Scalable Image Generation

A blue Porsche 356 parked in front of a A photo of an astronaut riding a horse in a photograph of the mona lisa drinking A portrait of a metal statue of a pharaoh
yellow brick wall the forest. There is a river in front of them coffee as she has her breakfast. her plate wearing steampunk glasses and a leather
with water lilies. has an omelette and croissant jacket over a white t-shirt that has a

drawing of a space shuttle on it.

https://arxiv.org/abs/2406.06525
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Tokenizer

2 frames

77 || 23
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34
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99

23 || 23

79

73

Detokenizer

A



1%/— )5\2 V‘d G PT https://arxiv.org/pdf/2104.10157
/?\'/ — I eO https://wilsonyan.com/videogpt/index.html

- ; Target
iscrete Latents

)

Codebook

Transformer

[ ] B

Discrete Latents Flattened sequence







Language Model
Beats Diffusion --
Tokenizer is Key to
Visual Generation

https://arxiv.org/abs/2310.05737




Training Data?

Open Sora

https://arxiv.org/abs/2412.20404
https://arxiv.org/abs/2503.09642

The dataset used 1s all open-sourced to make the model training fully reproducible. In total
video clips ranging from 2s to 16s are generated, with a total duration of 80k hours. Webvid-10N

contains 10M video-
watermark. Panda-
high-quality subset
generated by BLIP-
high-quality dataset
densely annotated d:
4K resolution.

In addition, we get f
websites are of high

Raw Videos

256px
Video Clips

Deduplication

768px

OCR Filter

Motion Filter

Source Filter

Other Filters

Aesthetics Filter

Other Filters
Broken Files

Meta Info Filter (eqg., fps, duration)
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An Image is Worth 32 Tokens for
Reconstruction and Generation

https://arxiv.org/abs/2406.07550

Detokenizer (Transformer) ]

| I I [
32 tokens [99] [32] [83]
v 1t 1

[ Tokenizer (Transformer) ]




An Image is Worth 32 Tokens for
Reconstruction and Generation

latent size Image Reconstruction
and costs

32 tokens

(2 "’
TiTok (ours) -
-
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W»MH** —P 112,118, 135, 160, 192, 228, 260, 281, -6, -22, -29, -25, ...
4 4 4

As “close” P
as possible S Regression loss

v

WMH** =P 135, 150, 152, 140, 115, 80, 40, 0, -32, -55, -65, -62, ...



G EEILGE " R
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<E R

ey W—»‘—»MH** —> 112,118,135, 160, 192, 228, 260, 281, -6, -22, -29, -25, ...
A A A

As “close” Regression loss

as possible BEXRKNEE

W—»‘—MH*W =P 0,112,118, 135, 160, 192, 228, 260, 281, -6, -22, -29, ...

ANBRABALEE
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: ’
: As“close” e.g., speaker recognition E
: i Y ’ = Perceptual loss
: aspossible emotion recognition : P

v
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[ Tokenizer ] [ Tokenizer ]

1 1 —’@—’ fake
[ Detokenizer ] [ Detokenizer ]

L (e

Adversarial Loss




Generative Adversarial Network (GAN)

meﬂuﬁ& F{%J ——
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[ Tokenizer

1 : 1 | D Jd— fakeé
[ Detokenizer? [ Detokenizer ? : :
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(#48552021) (3XHR) "

Hung-yi Lee - 14/40

Why distribution? S %
s (882%2021) @

The same input has different outputs. 13 | Ml L Transformer (F)
*E 'Ilfthtk( d”pt"t’ e " T
specially Tor the tasks neeas creativi y’ ‘F R

P pmeeees 85 (Generative Adversarial...
Drawing oo

[(RB82H2021] ERRHH
Character __ I
with red eyes

15| —3m 483% (Generative Adversarial...
—m Hung-yi Lee
(28 282021) £EXHH
Chatbot e (8B E2021] ERRHH
._;’_’_ k- =he (Generatlve Adversarial...
il
RAEREE
AENS?

4888 (Generative Adversarial...
IhZ2SFHIRRER ... el
https://www.youtube.com/watch?v=40WpOwDu6Xw&list=PLJV_el3uVTsMhtt7_Y6sgTHGHp1Vb2P2J&index=14

Hung-yi Lee

(882 52021] BREXP

HRA RN T BB .. « QR & et supersed Leaming.

Hung-yi Lee

?-*1 = (928 9%2021] sHAAR
19 gt & (Self-supervised Leaming...
o 50+ [
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Regressionloss + Perceptualloss + Adversarial Loss
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Masked Generative

Image Transformer

O 4P
D <€)
.Q‘l’
SR ¥l 2

(MaskGIT)

Transformer (Full Attention)

L] L] = @

T Random masking

Training ‘
—EEFENI"
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? ? ? ? ? ? ? ? ?

Transformer (Full Attention)

—erxmnr’ L] B B B B B B B

?

Transformer (Full Attention)

— I B



Source of image:
Infe rence https://arxiv.org/abs/2202.04200

[ Detokenizer ]

[ EEt%%@Q 1 @%ﬂlﬂ 52 (58 ]
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Inference
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Sequential
Decoding

with Autoregressive
Transformers

t=120 t=200 t=255

Scheduled
Parallel
Decoding
with MaskGIT

https://arxiv.org/abs/2202.04200
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Prediction
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Next Token Prediction



MUSE

https://arxiv.org/pdf/2301.00704

LowRes Generated Images

lext Embedding

Text Prompt: “A cat
looking at a dog” —> Text Encoder — M1 B -
Input Masked Reconstructed
Image Tokens Tokens
e n R
VQ Tokenizer — é — — Tranﬂs?’zfmer — o .
256 '2%6 'r
x
Cross Entropy
Loss
Masked
Input |
> npu mag High-Res Tokens
: T Y
& . HEE
e —  VQ Tokenizer — § — .. — SuperRes
i | Transformer
s EEE
/ | L ]
e 1
512x512

HighRes Generated Images

Reconstructed
HighRes Tokens
| | | |
[ |
EER
H B
EEEER
ERENE
H B |
ENEER EEE

v

Cross Entropy
Loss




Visual Autoregressive Modeling (VAR)

https://arxiv.org/abs/2404.02905

Three Different Autoregressive

J " thebdil mo o Generative Models
e ; - | B see

L ® |}] cat ||| sa¢ by | hi

- __"'_:'_"“:'::::‘_,:—_'._:'____.:”.:.;‘“" iz | m was
Autoregressive Trans e

--------- »

=
Ao S Ko | e
AR Tanomr (57 vasay, o,
LT N e (
. e . c)V — /
&€ generation by next-image-token pre dicti ) VAR: Image generation by next-seale (or e
1on next-



Imagen Video

https://arxiv.org/abs/2210.02303

Input Text Prompt

SSR (1.2B)
3020192 6fps

TSR (780M)
£4x320x192 12{5

T5-XXL (4.6B)

SSR (1.4B)
32x80x48 6fps

Base (5.6B8)

18x40x29 dfng

TSR (630M)
128x320x192 24fps

TSR (1.7B)

S2x40x24 gfps

SSR (340M)
128x1280x768 24fps
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Token [E
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https://arxiv.org/abs/2312.02116
https://arxiv.org/abs/2410.13863
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Input image

[ Tokenizer }

( N\

discrete

(81| 7 |[ 2 |€=nns e.g.,16x16
token S0

-
\_

(99 23 23 e.g., 8192
’ ) different tokens

[ Detokenizer ]

\

reconstructed image

Source of image: https://arxiv.org/abs/2410.13863



Input image

[ Tokenizer }

\

J J < 0.0, 16X 16

continuous e.g.,16
token dimensions

\

[ Detokenizer ]

\

reconstructed image

Source of image: https://arxiv.org/abs/2410.13863



-J- Raster Order, Discrete =@~ Random Order, Discrete
== Raster Order, Continuous —{ = Random Order, Continuous

8.5 -

8.0 1

Perceptual
Loss

7.0 1

6.5 1

0.1 03 1.0 30

https://arxiv.org/abs/2410.13863 Parameters (B)
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VAE, GAN, Diffusion, Flow, etc.
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10-dim

- X

Rt

10x10-dim—=g

Multivariate normal distribution B mean .
vector u, covariance matrix X &4 10-dim

KT BEB I AEEEMINERS T

22 B4R (Continuous)

10-dim




Generative Model As close as possible

VAE, GAN, Diffusion, Flow, etc. .
(target distribution)

Neural
Network

R

CRiE

[ condition ] m—> —

/

Normal distribution
(source distribution)




yas z~N(0,1)

x[z~N(u(z), a(z))

z is a vector from normal distribution

Each dimension of z
represents an attribute

General tive Adversari ial Network (GA... .,

) e
‘ "“s o(2)

Introduction of Generative
Adversarial Network (GAN)

TR

VAE GAN

-
46:02
o €Q kverCan ”
T 1 cetaned s Ve S GAN Lecture § (2018)
I » ovs s iy Sequence Generation

ML Lecture 18: Unsupervised Learning - Deep Generative Model (Part 1)

https://www.youtube.com/watch?v=DQNNMIiAP5Iw&Iist=PLJV_el3uV
https://youtu.be/8zomhgKrsmQ TsMq6JEFPW35BCiOQTsogwNw (2018 #2388 & HR B 458 1)

(2016 =2 &)

NICE ’:)lnffuswn Model %
https://arxiv.org/abs/1410.8516 :‘»g
— A

1 Real NVP
CO u pl I n g Laye r https://arxiv.org/abs/1605.08803

21 X1
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i<d T L > |
Zq Xa
F

) (=osa) spEesaED

Diffusion Model =32

ng-yi Lee

[ =7 =Al] Stable Diffusion
DALL-E - Imagen E4ZEEE

Diffusion

Normalizing
Flow

Al Diffusion Model &
1/4) (optional)

Model

“Al] Diffusion Model &
2/4) (optional)

“Al] Diffusion Model =

“Al] Diffusion Model &

Denoising Diffusion Probabilistic Models (DDPM) 4/8) ( )
/4) (optional

https://arxiv.org/abs/2006.11239
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Introduction to Flow Matching and Diffusion Models

MIT Computer Science Class 6.5184: Generative Al with Stochastic Differential Equations

Diffusion and flow-based models have become the state of the art for generative Al across a wide range of data modalities,
including images, videos, shapes, molecules, music, and more! This course aims to build up the mathematical framework
underlying these models from first principles. At the end of the class, students will have built a toy image diffusion model
from scratch, and along the way, will have gained hands-on experience with the mathematical toolbox of stochastic
differential equations that is useful in many other fields. This course is ideal for students who want to develop a principled

understanding of the theory and practice of generative Al.

Course Notes

The course notes serve as the backbone of the course and provide a self-contained explanation of all material in the class. In
contrast, lectures slides will generally not be self-contained and are intended to provide accompanying visualizations during

the lecture. You may view the notes by clicking on the colored link below.

View the course notes here!
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(Ignore the condition in the slides.)
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(Ignore the condition in the slides.)

Flow Matching

sampled between 0 and 1
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* https://colab.research.google.com/drive/162Z6c_3d3GCRBeRwC(Cj
S7N_mrlonccEgz?usp=sharing
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Generation Head Small model

(a few layers T
e.g., Diffusion head of MLP)
Autoregressive Image Generation without Generation
Vector Quantization head

https://arxiv.org/abs/2406.11838
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Flow-matching head
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LM Head

https://arxiv.org/abs/2508.10711
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4 Residual
Discrete.

X Bonded with Generator ™.

./ Off-the-shelf

(a) Tokenizer Comparison

Scale-wise
Autoregressive

3 Discrete Tokens —3> Decoder

X Complex and Rigid Scale Design
{1.2,3.4,5.6,8, 10, 13, 16}

- ‘- N AT
Scale-wise _)- ~ Scale-wi

Autoregressive . _, S

J Simple

and General Scale Design

11.2.4,8, 16}

(b) Generator Comparison

https://arxiv.org/abs/2412.15205



More Application of Generation Head

* Text-to-audio
* IMPACT: lterative Mask-based Parallel Decoding for Text-to-Audio

Generation with Diffusion Modeling https://arxiv.org/abs/2506.00736
* Generative Audio Language Modeling with Continuous-valued Tokens and
Masked Next-Token Prediction https://arxiv.org/abs/2507.09834

* Text-to-speech

* Efficient Speech Language Modeling via Energy Distance in Continuous

Latent Space https://arxiv.org/abs/2505.13181

* Speech-to-speech LM
* Flow-SLM: Joint Learning of Linguistic and Acoustic Information for
Spoken Language Modeling https://arxiv.org/abs/2508.09350
* Video Generation

* VideoMAR: Autoregressive Video Generation with Continuous Tokens
https://arxiv.org/pdf/2506.14168v1
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