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1 F-HUAL % (Computer Vision)

4 = F AL
AL A AR G

ST A RS AR AR et AU AL S



1 H HLAL % (Computer Vision)

AL A — T 1A 50 e T 5k B AR 3 AL IR AT 2 = ZE AR 69 3T U5 A

Image (or video) Sen.si”r)g device Interpreting device Interpretations
\\r,

garden, spring,
bridge, water,

trees, flower,
/ green, etc.

ATFRAA: WPIE “FH” o996, A7, ANZ AN EIAAENRT R %
aRe, BARRAIMGKRI, &, pHAEMREig S5



11 H ALAL 3 (Computer Vision)
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1% %~ & (Image Classification)

AR K KB A X5 2 X452 69 KA+

mushroom erry

Madagascar cat
agaric dalmatian monkey
grille mushroom grape spider monkey
pickup jelly fungus elderberry titi
gill fungus re buliterrier indri
howler

beach wagon
fire engine | dead-man's-fingers currant monkey




El #74% 2 (Object Detection)

B ATAR D A2 B AR F A LA 69 AR a94E 5, — AR, AEBBE P T
AR A AR, Fodh A E

{'traffic light': 3, 'person': 1, 'car': 6}




1% X %% (Semantic Segmentation)

T B KiEATHE B SZI R AR XA XK, 5 BARENRE,
BT VIR A BRSSP EMMEEZ AL, HiE L XIRagiRiEFfe
FRN A AL & LR Y




5% 17] 4% (Instance Segmentation)

FAR ] AN AR b B P BILGENTRE 8GR SE ARG F, A e AT
IR A B A% P & B AR L P 0918 & R X R,
a2 E, FR5BALE EZRX9EL, L2 X5 E G E AR

ExsHE 51433



fication)

1

LM 4~ & (Video Class

| B35 2 0y X7

¢]

& — /LR, AR
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Object Detection & Tracki

Input Video
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E] #73% #7 (Object Tracking)

B ARSRIZ: ARIBALIAE 5 B — b B ARG AR IR A (PO AE B ferb ) |
B 5h 3543 % Ak AL G S ALIR I P A9 IR A




o 202505/ AR AN IAERIE

D.H.Hubel T.N.Wiesel

« Hubelf»Wiesel#9— 25 T Ko MM AL F A K AR, B RMCTE WK

e TS
B e R

AR (FEIE AR AR KR b s Anr) 9 R E & > IEBRER
%, KA BIA P85 B TIH), FiRE T R "
SRS, LWRARKFTIENREAE S RESE

N\ NN =~/ /7] 1




1+ E AR AR R

o 20H 260X HE AW FF4E R

% —Az 1t H AL, Larry Roberts, #1963

& F #8918 L "Machine perception of three-

dimensional solids” ", F#4k & 4L A JUAT A5 R

(=2 77 4K

(a) Original picture

AR ) Ao VAR A

(b) Differentiated picture

i

(c) Feature points selected

20 22.60-F X -F#, £Marvin Minsky4#
FTMITWALIFREIL TR L, F—
B #John McCarthy £ #3245 4032 5 A T
KFRESEIRE . 1966 FMITA LA A 52 1
F 1 B i o 1 F AL O AT A B3R [ AR
BRAREKIRF &R EA LB, 12R3L
i S AUARL AR IR TT 45 3 R



1 E AU B R
o 201 £2.70-80-F4X,

o MITH#Y 3 2 5 # 4% David Marr
FE it E AL 328 7 i Bl
TRETH, & TOHEE,
MEAERY, HFEFLHIF
F, " T A A T ATAR
HMAW AT, "R T
T+ E A RAR A AR =+
F09 R

Input image

e

2 Y2-D sketch ~ 3-D model

Edge image

B = > - Szam ————-

Input Primal 2 Y2-D 3-D Model
Image Sketch Sketch Representation

Zero crossings, Local surface 3-D models

| blobs, edges, or.ientation.a}nd »| hierarchically

Perceived bars, ends, discontinuities organized in
intensities virtual lines, in depth and in terms of surface
groups, curves surface and volumetric

boundaries orientation primitives




1 AR W AR E

o 20 £270-80F4X

MIT #9322 52 # #% David Marr
FE it E AL 328 7 i Bl
TREWH, 6T SHEF,
MR ARE . HFFLIF
A, BB TAATATAT
HMARE AT, ®aT
T+ E A RAR A AR =+
S0 B

David Marr

FOREWORD BY
Shimon Uliman

AFTERWORD BY
Tomaso Poggio

1982 4



LW AE 5509 Pl Bk,

82 67 85 68 65 55 0% B9 B8 69 B9 89 B9 B9 90 W W W W H
95 S M 95 95 95 95 M 95 95 95 95 95 95 96 96 96 96 9 9 9
89 92 92 92 92 92 92 93 93 93 93 93 93 93 93 93 93 9 M Wi W
98 98 98 98 98 9 M 9 9 99 100 100 99 100 102 102 2102 102 2100 200 102 2
90 93 ™M M M M 93 93 93 M 9 M M M M M M M 9 M wm
99 99 100 100 100 100 9% 100 lUl lUl lUl 102 101 IU. 102 102 102 102 102 102 12 2
9l 95 M 9% %% MW 9 9 95 95 95 95 95 9% 9% %% W
101 101 102 102 102 202 102 102 lo. 102 102 lUl 10] 103 103 103 103 103 103 103 103
92 97 96 97 97 97 97 97 ST 97 97 97 97 97 97 97 9 M 97 WM W
103 102 103 102 103 103 103 103 103 104 104 104 104 104 104 104 204 204 204 2104 209 2
93 97 98 98 98 98 98 98 98 9B 99 99 98 98 98 98 99 M 9 M W
103 103 104 104 104 104 104 104 104 109 106 106 106 106 106 106 105 106 105 105 105
95 99 98 99 99 9 9 9 100 100 100 99 101 101 100 100 1021 100 100 100 100 1
104 104 105 106 105 105 105 106 107 106 107 107 107 107 107 107 107 108 108 107 108 1
96 100 100 100 102 102 102 101 102 102 102 102 102 102 102 102 102 102 103 102 103
107 107 107 107 107 107 107 107 108 108 108 108 109 108 109 109 108 109 109 10% 109
98 102 102 102 102 103 103 103 103 103 103 103 103 103 103 103 103 103 104 104 103
108 108 108 108 109 108 108 109 109 109 109 109 109 109 110 109 110 111 211 122 1
100 103 103 103 103 104 104 104 104 104 104 104 104 104 104 204 204 205 205 206 205
109 109 109 109 110 109 110 2110 120 120 120 222 2121 111 12 12 122 22122103 13
101 104 104 10% 2105 106 106 105 105 109 106 10% 106 107 107 106 107 107 107 107 107 1
303 333 332 333 332 332 232 132 132 132 113 122 112 122 133 203 233 1% 14 113 14
102 106 107 107 107 106 107 107 106 107 108 107 108 108 108 108 108 108 108 108 108
113 113 113 133 2123 113 113 113 134 114 124 113 124 134 134 1 a5 2515225 250
105 108 108 108 108 108 108 108 109 109 109 109 109 109 110 110 109 109 109 109 109
A04 134 134 104 1M A A s 1S sSS1IS Bs A7V s AT Tt aat a
106 109 109 109 109 109 110 110 110 110 121 211 110 2131 223 232 232 222 222 a2 a2
116 116 136 236 236 236 2126 217 217 117 127 2117 117 118 118 118 118 118 128 128 128
108 111 110 3130 110 331 222 232 2132 232 122 1313 113 113 113 13 1 a1 a3 s a
A17 117 108 118 118 118 118 118 118 119 116 120 120 119 119 119 19 129 2% 129 129
110 115 2131 223 233 113 134 124 134 134 114 124 124 124 134 224 224 225225 224 23S

119 1190 119 119 119 119 119 2120120120129 229 129 120 122 122 122 122 1201 a2
331 134 134 234 2395 239 239 229 229 129 126 1216 117 226 1307 136 247 237 a7 18 227
121 120 120 120 220 121 120 121 122 122 121 126 130 122 122 122 123 123 123 123 13 )
112 116 126 117 127 217 117 117 116 116 1168 116 118 118 118 118 118 118 118 118 118
22 122 123 122 1203 123 123 123 123 124 124 123 127 124 124 124 125 125 125 125 1
104 117 108 118 118 119 119 134 122 120 119 119 120 119 120 119 119 120 121 120 120
124 124 124 124 124 225 225 125 126 1295 1295 118 127 1295 1295 126 127 127 127 127 127
U6 L% %10 1N 1IN vV I 121 1210 2 A A a2 A i an
129 2295 2126 126 2126 127 127 127 227 137 126 121 129 128 128 128 129 129 128 129 1
19 1 157 1 - 153 133 151 14% 158 195 1 ' 154 154 154 3134 154 134 3134 1%

. HFBRBEHAMEEpixe) Bk, FMEEGRE, ACEBRRATENNETA ARSI AAHS
« WwRREZGEQ(AERER), FMEI—AFHET, 0250 MAERTRA, WRAYERE,
% FIRGBE=AF 9 &7



v

Occlusions Intra-class Viewpoint |
appearance



M, WAL -89 Bk X - intra-class variation




T H AL 6y KB EAR

o IR ILILAIAZ S A BRI ZEDAREY CTUAT T SRR
SRR, ARARERERTFTRAT KK

e F|20005 AT, % ALJUAT(Multiple View Geometry). AR AL A IF S AT
DEZHETEFH FABEARFRKRRERE, BT i HEAa ey “IuT”
ok, HREEZESLS, AFRAEEMINE., WRILEFABMAE T 22 R

¢ B EXMAETMEF, BERHHMALFIFIAR, & XLHMIA
FUAR AR B4 B K RAR & 09 B R A AR, K RIE IR 3 69 77 ik R K
FF LA 89 R &
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AT X ERAR T E

o IR BBEMAE: ATRILBARMF. JUME—, AR EAREF LT
o FIR2: AFAEIRIT HIREN: KT I Y AR P IR BURS K AR A B ey 4548

o FIK3: 4FIIL B RAFIET o S RRAYHFFIEF TR T RELELITE, KdmiFE £
AT )G 250 K R B )F4E 509 HF AL

o FTR4: HEBRRDERG T ENG%: RANBZIEENGFI R, FEHM.
SVM. LR%
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FFAEIR T SR T &

e ATiRHIEAR LR —#E R iR Bt ik, B R A S
st BT AT 50 19 8 3, B ARG AR 3R A AR R AR A 4T ey A A

o Pldm: AXRHFH, HARXARLRINA TR @I REIFIE RIS IES .
AERBE@REARTARPAR, 125 K107 X 4485 4T

o BT, SHATIRAORIARE, BA BRI B
o AR EBRGEEAFEERSARR KERIEEBENEE
BT A — AN B KR 8 ) R b A A



AP H

Roberts # T Prewitt 5 T
|:1 O:| |:0 _1:| -1 0 1] 1 1 1 ]
— — S:=1-1 0 1 S, =1 0 0 0
z y Dy z , Py
0 -1 1 0 10 1 1 -1 -1
Sobel # T
Canny H 1
-1 0 1] 12 1 Laplacian§ -1
S,=|-2 0 2|, S,=l0o o o
1 0 1, 1 -2 -1




Prewitt & ¥

F¥

Y

Roberts

.?—

N

=i

71

y >

Laplacian

uld,“ e B LR

745 B R



A 3% 3 A AT M) 28 A 3T P AR By [B) AR

Cat

Dog

o AF A FEIEATHT M 4 AL T B 15 69 5] A
o HZH K% h R ANEIEHN 1000100049 B1E, & F532451,000,0004469 5=, 40X
BB ESMNGEE—, NMANED AT ENFI AR HA1012A
o BEANT AR B ARAEME T IR B BRI T AR, tedw R A 4. P45,
e B T vRiE L, ATIR R & AR SR BUB SRR T M A% AT



B ARA7 22 M 45 (Convolutional Neural Network, CNN)

o EARE: BENBEAREOLS S ANFIES, AN ARS8 i — AP B ARIE R B IR
B —Fr H ARG 4F4E (SFAEFRER)

1 1 ik
6 | 8 | 16 '/
1l 1 1 ot .
3 3 3 &= =
1 1 '
8 16
/ 0 1 0
- % 1 4| 1
0 1 0

SRR E&

i L RFIE S



B ARA7 22 M 45 (Convolutional Neural Network, CNN)

o BARE: BANEBRECQS DA GEIERS, AR E T — AP B ARIE R B
I —FR R AE G A IE (4 AEFRER)

1x1 1x0 1x1 0 0
0x0 1x1 1x0 1 0 4
oxl OxO 1x1 1 1
0(0|1(1|0
0(1{1(0]|0
Convolved
Image

Feature



B ARA7 22 M 45 (Convolutional Neural Network, CNN)

o BARE: HANBARED S LA IS B AR A A T — AP A AR R B4R
B—F R AE 0 4FAE (AFAEFRER)

Feature Mo
Inpu‘t mage: 5x59x Rl‘tet‘
—h —_—
AXA
A
EE— e
3x3 SxD




B ARA7 22 M 45 (Convolutional Neural Network, CNN)

« % K(Stride)

Convolution

Feature Mo

Input mage
Stride: 1
T TRlter 33~ ¥ —
3>
Stride:
Flter: 3x3

AXA




B ARA7 22 M 45 (Convolutional Neural Network, CNN)

* 34 % (Padding)

Output

Kernel

Input

|28 |o

o |Q|Q |

o |25~

olo|lNn]|©

— ™
o AN
*

clololoto.!
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) ¢ ¢ ¢ ¢ (
""..l. - L XY
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" (@) AN K9] 0 O
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B ARA7 22 M 45 (Convolutional Neural Network, CNN)

o RAFE: TAR “Mfl(Pooling) &7 | HAE B &K T BERAR KR I AT
TR, i e m ) RFEZFHR ARG H AEE (FRSARER)

. 1

Convolved Pooled
feature feature




B ARA7 22 M 45 (Convolutional Neural Network, CNN)

y 71)’17]?5: Wﬁ: “CHAL & . j}4¢m%g%g]%ﬁﬁaﬁ,}ijﬁ;§‘ﬁgfli
B, KRR Y HAEE R IR G A A8 (BIRAKER)

Mo x Pooling



B ARA7 22 M 45 (Convolutional Neural Network, CNN)

i Y X
| ;a—\ T

Input image Convolutions Pooling Fully Connected



B ARA7 22 M 45 (Convolutional Neural Network, CNN)

» ABRAWERL: —REERE, REEAEEZEMROGATTAYERN S, LA
FEfiddE, BUASRF . DRFFE, ARV ERS LR — AR P45,
YaiAnae ¥ N, FIE HATHAY 2 M AL, SR

A —; —| AR
........................................................................
XM xb L]
.................................................................................................................. XK




B ARAY 2 F 5(1980-)

Neocognitron
Ug, Uct
/ {4y « Usy
a | A ';'04
= H
I \ I
. "u= "
1 \-‘ | ’
/ ﬁ‘ A shared connections
. A = spatial filtering
pgtFt)eu:n T /1 = convolution )
I
feature : N
extraction pooling recognition
(S-cells) (C-cells) (classification)

Kenji Fukushima



F AU 2 B %(1980-2010)

20 2280-F X A A290-F 4K #7, Yann LeCunAeféy B PR3t — 7 FF & 7 CNN,
ANTEITAFBEHRHF AL T 89LeNet-5%H), BHATEE L ZRAH L%

LetNet-5 [LeCun and Bengio, 1995; LeCun et al. , 1998]

T%\ﬁﬂ
WNE A KA E AAE
32x%x32 6@28 x 28 6@14 x 14 16@10x 10 16@Q5 x5

B 5.15 AR EN%ATFE545 74 [LeCun et al., 1998

Yann LeCun



B AR AP 22 W 25 - AlexNet

- 2012 ILSVRC winner (top 5 error of 16% compared to runner-up with 26% error)
c H—AIAREK AR A
s BRAE R TR S AARKEBAR N LA — B R Tk
- 42 FIGPUZL AT AT I 4R, KA T ReLUAE A 3F & P80 E o 2L
- 1% FlDropout7 1 i A&, 4% B $FE 3G 5%

- -] 3\ AT EN B >
£\ N ;:'"'/ ) i
5 —',-"‘ -::\'-:.-.- n ‘4‘:":’ Fasay
& LS 2048 \dense

192 192 128 2048

W

128

5 27 "‘
N AN 13 ‘ 13
=\ A 3\

224 N 3t NG 3[4 > >
N = = : dense’| |dense
27 N 3 \AZ 2

(=1
w

55 eott 1000
5 192 192 128 Max
Stride Max 128 Max pooling
of 4 pooling pooling
3 48

2048 2048




B ARAP 22 M 2% -InceptionNet

. 2014 ILSVRC winner (22%)
% : GoogLeNet: 4M VS AlexNet: 60M
IR E: 6.7%
Inception M %% @1 7 % A~inceptiont® 2 4= ) & 49L& HE & dn A&




B ARAP 22 M 2% -InceptionNet

- BRI E e ATIR B BARE O BARE KDA AT o X AEey F A
« fInception M %%, —/NEAREE S ZANTE KNG BARIRAE, AR A InceptiontE 3k
» Inception# 3R B B4 A1 X 1. 3 X 3, 5 X 5FIE K a9 5474, A2 a9t 4 2 K
B LBt GEE) AR NI d S ienk gt

(55 )
/\\

(3x388) (5x5%#] [(1x1 58

1]

(1x1%#] (1x188) (3x3 BACE

N\ L

X




BB AP 22 B 2% -ResNet

(152%)

« 2015 ILSVRC winner

iR F: 3.57%
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%47 : CIFAR-10E %5 %

https://www.kaggle.com/c/cifar-10

.9' - .- CIFAR-10 - Object Recognition in Images

E?H Identify the subject of 60,000 labeled images
== ﬂ ;'\ ' 231 teams - 4 years ago

Overview Data Discussion Leaderboard Rules

Overview

Description CIFAR-10 is an established computer-vision dataset used for object recognition. It is a subset of the 80
. million tiny images dataset and consists of 60,000 32x32 color images containing one of 10 object

Evaluation

classes, with 6000 images per class. It was collected by Alex Krizhevsky, Vinod Nair, and Geoffrey
Hinton.


https://www.kaggle.com/c/cifar-10
https://www.kaggle.com/c/cifar-10
https://www.kaggle.com/c/cifar-10

%147 . ImageNet ) s A 12 A

https://www.kaggle.com/c/dog-breed-i1dentification



https://www.kaggle.com/c/dog-breed-identification
https://www.kaggle.com/c/dog-breed-identification
https://www.kaggle.com/c/dog-breed-identification
https://www.kaggle.com/c/dog-breed-identification
https://www.kaggle.com/c/dog-breed-identification

¥R i

(shF 3R BEF3) + https:/zh.d2].ai/

Fei-Fe1 L1i’s Lecture: http://cs23 1n.stanford.edu/

W R EKAERE

B 1% 5% : ImageNet. CIFAR. MNIST
B ARl : COCO% 8 &

& X 4 %|: Pascal VOC2012

M INELHESE : Kinetics-700


https://zh.d2l.ai/
http://cs231n.stanford.edu/

O g k535 A 5M0mFA 2N %



Fl X5 5 & 22 (Natural Language Processing)

/H‘Z/’\E’E Q )/7}‘1\:? = kv{g
8 KR53 AL 3 R A S

Jo AT Bl AN TR e AR 32 B KR53 A AL 5



1% & 4 22 (Natural Language Processing)

B RIETE

B RET A3 218, a1,

AEEE, EHFALES (AL siEE

AT A

EXF—ARIEK, @l F, FIEF

o XM
© A ESH
© AR
* & 4H5HT
* BESMN
A

° 152

nu\

ooyl

J

o MLEEIF
c BN E
© TFROHT
o fél}jé]ﬂx
* XAHE
* X KRZFH

M, SAEE
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e

* A Z’\Hli
« ¥ %3]

-AA%E
c BHEARAK

HAF A

o Jnif i

TRRE, FHE b B ek




B RE S /A FEAME & . B U

o ZHAH L
o WANN/—A/TEH. DR
« ARG/ E/TFR, B EFELR
o HRE T KIZKH

o ] FHIL:
o B RAGIEKEIFK
o LT T IRITEI AR K



B ARES IR ME S B U
SRuR/\[o]

BotHEL)ifE : 1RECHS ?
BEE: RERIS?
It E: IMEMTARE?
BENE: IREMFARLG?
IR P (REFALIIR ?
Tl S ERINECHIENT A ?
BRIE: (FECREREFEENEC, B iTA?
INKIREZ: 1REHE? IRMNBIER? BEFFEZK?




18] 89 R T

o Y%A F: MM e = (One-Hot Vector)
o FANFE—NKEE
« % =[0,0,0,0,1,0,0]
[0,0,0,1,0,0,0]

—_—
e T

e MEMEIETIRK: BN g —A18), B4R m F P E a9 5 E
o EUAH B IFZ MGG K R 18 Z B aI5E S HiE S AR L X



18] 89 % 7=+ Word Embedding

H I~ 098] 57 2

2] — >

embedding vector

1& S A8

A9 18] f£embedding

= 18] A B A A8 A a9 3B 3

X EMH % Word2Vec

&
Q < A
o R < >
.é\go @\& @é‘ & & & &Q«
> houses
cat —| 0.6 |09 | 0.1 |04 |-0.7[-0.3|-0.2| pimensionality ®
reduction of
i word
kltten - 0.5 0.8 |-0.110.2 |-0.6]1—-0.5[-0.1 embeddings
from 7D to 2D
> cat
dog —»|0.7 |-0.1|0.4 |03 |-0.4]-0.1|-03 ® Litten
&
houses —|-0.8|-0.4|-0.5] 0.1 [-0.9] 0.3 | 0.8 ®
dog
woman
man —| 0.6 |-0.2(08 |09 |-0.1|-09|-0.7( _ o o
Dimensionality L
reduction of L
woman —| 0.7 [ 03 |09 |-0.7| 0.1 |-0.5|-0.4 word
embeddings o
from 7D to ZB man queen
@
queen —| 08 [-0.1| 0.8 [-0.9| 08 [-0.5(-0.9 ;
\ ) \ ) \ )\ )
Y Y . o R
Word Dimensionality Visualization of word

Word embedding

reduction

embeddings in 2D
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HETF AN & 75k

: If Y7 = 3%, then ¥ =1
: If Y& = 1K, then ¥ = you
: If U = 133 T,
then ¥ = be satisfied with
4: If Y5 = Xt ... Bhia] [(RESE]
then A7 B8] + XT 4]

5: If B FiErel

GEUR: R
1
2
3

6: If JFiER2 EIEEM

then be #/Ji7] 4 am/was- -+ {..

then ¥ XN F B4

be satisfied with you

f_J

I:,‘t‘.).é':satisﬁed with you

)

"+, T am satisfied with you

N 5



HABIRF) 09 7 ik

TR 1 XUEATIER
1: Y5 = fih 75 B
& = Where is he
2: P = HEX%
P& = I’m so happy
3: i=HK
PE = Let’s go

B PR AY

Pr(F& — 1) =0.7
Pr(# — me) = 0.3
J Pr(&X — you) = 0.9

BIR 2: BIEIE R
1: What is NiuTrans
2: Are you fulfilled

3: You are right

Pr(Ff» — happy)
=0.5

Pr(J# & — satisfied)
=0.4

ER=E
Pr(I) = 0.0001

1 Pr(Iam) = 0.623
Pr(I was) = 0.21

PRI S5 =
I to you happy 0.01
You satisfied 0.02
[ satisfied with you 0.10
I’m satisfied with you | 0.46 |iiit:
I satisfied you, what 0.23
You can have it 0.01
You and me 0.02

‘Wm T T
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The cat drank a bowl of diet coke. The cat drank a bow! of milk. The cat drank a bow! of rocks.

Which Sentence is most likely?



#2 7l (Language Model)

C MRKREAEHT
o R KE TN
. BREBTKF

« 3&i%&: You go first

o U MRAEA vs AL



Jo {52 2] 35 S AR 7

o 25% L F %] (word sequence)
° Wl’ WZI ...’Wn

¢ B AT AP (Wi, wy, e, W)

e Chain rule

° P(Wl,Wz,"',Wn) — P(Wnlwl:"';Wn—l)P(Wl:"';Wn—l)

» P(AF KF)=P(#)P(F|#E)P(K|#E 7)P(F|HE F K)



N 7L15 & (N-Gram)

o FPIAK, W H BN S AR R E ILBE 0 B A A8 RO o

o W AN RAARMBIK

P(wilwy, -+, wi_1) = P(Wj_py1, 1, Wi—1)

—0r: P(@ T K%)= P(&#)P(F|#)P(K|T)P(F| X)
—Wr: P(@T KF) =P(#)P(F|@)P(K|# F)P(F| % X)
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M 21 A7 22 W 25 (Recurrent Neural Network, RNN)
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M 21 A7 22 W 25 (Recurrent Neural Network, RNN)

One-to-one
1% 2 AP 22 W 24

One-to-Many
5 3| £ px,
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M 21 A7 22 W 25 (Recurrent Neural Network, RNN)

Many-to-one
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M 21 A7 22 W 25 (Recurrent Neural Network, RNN)
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M 21 A7 22 W 25 (Recurrent Neural Network, RNN)

RNNR LA — VRS, #Z2 K
hr AT fF e ?

o
o
S)




LSTM (Long Short-Term Memory)

K48 H11TIC(LSTM) M 24(1997): Jiirgen Schmidhuber X BILSTM, LSTM1{% A
[T HLHR R IZHRAZ SR, A CIER A 7838+ 6 K AR A X 2

LRRA A “ERA” (mIRRE)
@ e HIN ZAERIILE], kAT ARRIZ YR,
Y e ft2autikiz “in” | A amigix <&

/ \ @ E ir = o(Wix¢ + Uihs 1 + b;),

5 ‘ x o " _*%)E f, = o(Wyx; + Ushy_; + by),
E‘/\ é %‘D @ E 0; = (7("‘1"!(,}(( + (/'r(,ht_l + b(,),
h,_, AN h, "

¢; = tanh(W.x; + U:h;_1 + b,)

ct—l : > o
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Who 1invented deep residual learning?

Jurgen Schmidhuber (28 Sep 2025) Al Blog
Pronounce: You_again Shmidhoobuh @SchmidhuberAl
Technical Report IDSIA-09-25, IDSIA juergen@idsia.ch

Who invented deep residual learning?

Modern Al is based on deep artificial neural networks (NNs).°*"I As of 2025, the most cited
scientific article of the 21st century is an NN paper on deep residual learning with residual
connections.M°°72>2°1 Who invented this? Here is the timeline of the evolution of deep residual
learning:

% 1991: recurrent residual connections (weight 1.0) solve the vanishing gradient problem
% 1997 LSTM: plain recurrent residual connections (weight 1.0)

% 1999 LSTM: gated recurrent residual connections (gates initially open: 1.0)

% 2005: unfolding LSTM—from recurrent to feedforward residual NNs

% May 2015: very deep Highway Net—gated feedforward residual connections (initially 1.0)
% Dec 2015: ResNet—Ilike an open-gated Highway Net (or an unfolded 1997 LSTM)

1991: recurrent residual connections solve the vanishing gradient problem




Seq2Seq

Seq2Seq Model (2014): Ilya Sutskever¥ A 4% i Seq 2Seqi2 &, A2 AE ) 4 AL 25 -

R RMK NS P et Bl 72, AT 2R TMEME, EFRANFES

Encoder

Decoder
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Seq2Seq# A
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Selt-Attention

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* | Eukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com
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Selt-Attention

The weather

S nice today

- X
W, i, = softmanx (VNSRS IIII.)

The weather is nice today

The The weather nice today




Transformer(2017)

. Transformer: K F & MF A ETAZRM K ZR, BEEHEALE
X, BITHEEIREREFTZEHTEZAGXZR

Keys ‘How’ ‘are’ ‘you’ ‘doing’ ‘2’
Wk 3
‘How’ﬁ DL
SEEE] @000 O
¢ ’ -
are
‘you’
‘doing’
Word / token W
‘7’.J embedding ¥ E Values 2@ }
?

QK'
Vd

Attention(Q,K,V) = softmax

‘How’
‘are’
‘you’
‘doing’

23

Output

Probabilities
[ Linear |
(. N\
Add & Norm
Feed
Forward
4 1 \ I Add & Norm ;
gy e Multi-Head
Feed Attention
Forward I D) Nx
\
Nix Add & Norm
f->| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At At
1 J g — )
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.



Transformer(2017)

Transformer
Encoder-only Encoder-Decoder Decoder-only
DistillBERT —— BERT BART GPT
RoBERTa T5 GPT-2
XLM-RoBERTa — XLM MBART GPT-3 —— Chat-GPT
ALBERT mT5 PalLM
ELECTRA M2M-100 LLaMa

DeBERTa Flan-T5 Mistral



Language model: A brief history

Pre-Transformers Post-Transformers
*  N-gram model  Bert
* A Neural Probabilistic Language « GPT
Model [Bengio 2003 ] « GPT-2
*  Word embeddings e T5
« RNN & LSTM « GPT3

https://stanford-cs324.github.10/winter2022/



https://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf
https://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf
https://stanford-cs324.github.io/winter2022/
https://stanford-cs324.github.io/winter2022/
https://stanford-cs324.github.io/winter2022/

GPT-1.0(GPT=Generative Pre-trained Transformer)

FRER AT

AL AR A



GPT-1.0(GPT=Generative Pre-trained Transformer)

B A)F X

it
T IEH_ —> —y E

o GPT MRFTH O E: 4RI ESLARNS T T
o MAMARE L KERF, FHE—FL AT RPN, R
G EFsn, iIERASITFTFEFH)F I IIKIZAFMT A




GPT-2

o AARME: SEAHACWIETES, RIZELRIRA DG MK 6T B
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o GPT-2AGPT#AX &g sk L SR T 2/0ME%, tbdeplBE0iE, FIE. L
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GPT-2

Question Generated Answer Correct ~ Probability
Who wrote the book the origin of species? Charles Darwin v 83.4%
Who is the founder of the ubuntu project? Mark Shuttleworth v 82.0%
Who is the quarterback for the green bay packers? Aaron Rodgers v 81.1%
Panda is a national animal of which country? China v 76.8%
Who came up with the theory of relativity? Albert Einstein v 76.4%
When was the first star wars film released? 1977 v 71.4%
What is the most common blood type in sweden? A X 70.6%
Who is regarded as the founder of psychoanalysis? Sigmund Freud v 69.3%
Who took the first steps on the moon in 1969? Neil Armstrong v 66.8%
Who is the largest supermarket chain in the uk? Tesco v 65.3%
What is the meaning of shalom in english? peace v 64.0%



GPT-3

RBFA RSB ELRITHS

bR

Original GPT (GPT-1)

GPT-2

GPT-3

BHE

117 12,

15 12

175017,

l1E5 %6

4.5 GBX A

40 GBX A

570 GBX Zx



Scaling Law

More data, More compute, Larger models

7 491
6. —— L=(D/5.4-1013)70:095 | 5.6 —— L =(N/8.8-1013)-0.076
| 3.9 m
(/)]
S o 4.0
- 4]
+~ _
8 33 391
= 3.
3.0
2.4 1
L =/(Cpin/2.3~105)~9-030
10-° 10-7 10-° 103 10-1 101 108 10° 10° 107 10°

Compute Dataset Size Parameters



Emergent ability (VA ZLAE 77)
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Some ability of LM i1s not present in smaller models but 1s present in larger models
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ChatGPT

ChatGPT: Optimizing
Language Models
for Dialogue

We’ve trained a model called ChatGPT which interactsin a
conversational way. The dialogue format makes it possible for
ChatGPT to answer followup questions, admit its mistakes,
challenge incorrect premises, and reject inappropriate requests.
ChatGPT is a sibling model tolnstructGPT, which is trained to
follow aninstructionina promptand provide a

detailed response.

November 30,2022
13 minute read

We are excited to introduce ChatGPT to get users’ feedback and learn about its strengths and weaknesses. During the research

preview, usage of ChatGPT is free. Try it now at chat.openai.com.

ChatGPT Blog: https://openai.com/blog/chatgpt/


https://openai.com/blog/chatgpt/

ChatGPT

O Phase 1: 7 91| %5 (Pre-Training)
o FIEIB F friR

O Phase 2: 5% : 7 % B 4% 8 (Supervised Finetuning)
o LS4 AEHITF

O Phase 3: &% : %L (RLHF)

o« HAXABIFAF



ChatGPT
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ChatGPT
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Prompting Language Models




Prompting Language Models

Q: Shawn has 5 toys. For Christmas, he got 2 toys each from his
mom and dad. How many toys does he have now?

X N 3 B X X I
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& & & &8& & mowerise
b

& & &
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In-Context Learning: 0-shot/Few-Shot/Instructions

A

Few-shot - Instructon

Q: If there are 3 cars in the parking lot and 2 more cars arrive, —
how many cars are in the parking lot?

Instruction: Solve the following math problem

A: The answer is 5 cars.

Prompt

Q: Shawn has five toys. For Christmas, he got two toys each
from his mom and dad. How many toys does he have now?

A:

Test Example




In-Context Learning: 0-shot/Few-Shot/Instructions

Zero-shot

(0s)

1-shot

(1s)

Few-shot
(FS)

No Prompt

skicts = sticks

chiar = chair
skicts = sticks

chiar = chair
-

pciinc = picnic
skicts = sticks

Prompt

Please unscramble the letters into
a word, and write that word:
skicts = sticks

Please unscramble the letters into
a word, and write that word:

chiar = chair

skicts = sticks

Please unscramble the letters into
a word, and write that word:

chiar = chair

-

pciinc = picnic

skicts = sticks



Chain-of-Thought Prompting

Q: If there are 3 cars in the parking lot and 2 more cars arrive,
Direct how many cars are in the parking lot?

Prompt

A: The answer is 5 cars.

Chain-of-Thought Q: If there are 3 cars in the parking lot and 2 more cars arrive,
Prompt how many cars are in the parking lot?
i Thought (T): There are originally 3 cars. 2 more cars arrive. 3 +2
Standard prompt: 5 :
- QA T e

A: The answer is 5 cars.

Chain-of-thought prompt:

* (Q — Reasoning Process, A




Chain-of-Thought Prompting

Standard Prompting Chain-of-Thought Prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11. A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
J do they have?

A: The answer is 27. x A:

The

answer is 9.

https://arxiv.org/pd{/2201.11903



https://arxiv.org/pdf/2201.11903

Zero-Shot CoT Prompting

(a) Few-shot

éoger has 5 tennis balls. He buys 2 more cans of ter&

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

\_ %
(c) Zero-shot

6: A juggler can juggle 16 balls. Half of the balls are golf ballsm
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

% P

(b) Few-shot-CoT

ﬁ Roger has 5 tennis balls. He buys 2 more cans of ter@
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf
Qﬂs. So there are 16 / 2 = 8 golf balls. Half of the golf balls 9

blue. So there are 8/ 2 = 4 blue golf balls. The answeris 4. v/

(d) Zero-shot-CoT (Ours)

ﬁ): A juggler can juggle 16 balls. Half of the balls are golf balls}
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
Qre blue. That means that there are 4 blue golf balls. v /




Self-Consistency Prompting

Chain-of-thought
prompting

Self-consistency

/Q: If there are 3 cars in the parking \
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 +2 =5 cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells

much does she make every day?

Language

model

Language
model

the remainder for $2 per egg. How

\ A

https://arxiv.org/pdf/2203.11171 .pdf

Greedy decode

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

Sample a diverse set of
reasoning paths

~

She has 16 - 3 - 4 =9 eggs
left. So she makes $2*9 = | The answer is $18.
$18 per day. | 2
i 2

This means she she sells the

remainder for $2 * (16 - 4 - 3). The answer is $26.
= $26 per day. I
1

b,
She eats 3 for breakfast, so | )
she has 16 - 3 = 13 left. Then |

she bakes muffins, so she I The answer is $18.
has 13 - 4 = 9 eggs left. So

she has 9 eggs * $2 = $18. |

The answer is $14. }

Marginalize out reasoning paths
to aggregate final answers



https://arxiv.org/pdf/2203.11171.pdf

Least-to-Most Prompting

Problem Reduction

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How
many times can she slide before it closes?

Language

Model

A: To solve “How many times
can she slide before it
closes?”, we need to first
solve: “How long does each
trip take?"

It takes Amy 4 minutes to climb to the top of a
slide. It takes her 1 minute to slide down. The
slide closes in 15 minutes.

Q: How long does each trip take?

Subquestion 1

It takes Amy 4 minutes to climb to the top of
a slide. It takes her 1 minute to slide down.
The slide closes in 15 minutes.

Q: How long does each trip take?

A: It takes Amy 4 minutes to climb and 1
minute to slide down. 4 + 1 = 5. So each trip
takes 5 minutes.

Q: How many times can she slide before it

Append model
answer to ——
Subquestion 1

Subquestion 2 —
\ Closes? o

Language
Model

Language
Model

A: It takes Amy 4 minutes to
climb and 1 minute to slide
down. 4 + 1 = 5. So each trip
takes 5 minutes.

-

A: The water slide closes in \
15 minutes. Each trip takes 5
minutes. So Amy can slide

15 + 5 = 3 times before it

closes.

R o




Tree of Thought

4.1 Game of 24

Game of 24 is a mathematical reasoning challenge, where the goal is to use 4 numbers and basic
arithmetic operations (+-*/) to obtain 24. For example, given input “4 9 10 137, a solution output

could be “(10-4) * (13 -9) =24".

Input: 491013

:_A__: ad

r |
10-4=6 | 4+9=13 ,

3) | (efc101313) |

13-6=7 13-9=4 ...

(left 79)

P il ™

4+6=10 4*6=24

(left 10)

https://arxiv.org/pdf/2305.10601.pdf

(a) Propose Prompt

Input: 491013
Possible next steps:

(b) Value Prompt

Evaluate if given numbers can
reach 24 (sure/likely/impossible)
10 14:10 + 14 = 24. sure

101313

Thought Generation

A

4+9=13 (left 101313)
10-4=6 left: 6913)

~

A

Thought Evaluation

~\

v

(13-10)*13=3*13=39

10 +13 +13 = 36 There is no way
to obtain 24 with these big
numbers. impossible

Graph-of-Thought: https://arxiv.org/pdf/2305.16582.pdf


https://arxiv.org/pdf/2305.10601.pdf
https://arxiv.org/pdf/2305.16582.pdf

Prompting Techniques

Sampling- Verification-
based CoT based CoT
: | ; |
. Verification
. Ensemble
ar

@@ (Quput @D

i — Reason = —— » Backtrack ———» Aggregate O Unevaluated thought O Positive thought Q Negative thought




Train your own LLMs: Supervised Fine-Tuning

Q: If there are 3 cars in the parking lot
and 2 more cars arrive, how many cars are in

the parking lot?

Q: Leah had 32 chocolates and her sister had
42. If they ate 35, how many pieces do they
have left in total?

g

g

. A:The answeris 5

cars.

_ A: The answer is 39
" pieces.

Train/Fine-tune

Q: Shawn has five toys. For Christmas, he
got two toys each from his mom and dad. How
many toys does he have now?

L=

[

_ A:The answeris 9

foys Test




Supervised Fine-Tuning with COT/Rationale

Question

I What is the

I 100th term

I of the

I arithmetic

' sequence
6 10, 14

| The common
I difference
lis 10-6=4

B2 i AE R AR E

Outcome
Label

Process
Label

RBARM AR

The denominator of a fraction is 7 less than 3 times
the numerator. If the fraction is equivalent to 2/5,
what is the numerator of the fraction? (Answer: 14)

) () @ Let's call the numerator x.
) ® @ So the denominator is 3x-7.
() () & We know that x/(3x-7) = 2/5.

) ® @ So 5x =2(3x-7).



Pretraining + Prompting

e Fine-tuning (FT)
o + Strongest performance
o - Need curated and labeled dataset for
each new task (typically 1k-100k ex.)
o - Poor generalization, spurious feature
exploitation
e Few-shot (FS)
o+ Much less task-specific data needed
o+ No spurious feature exploitation
o0 - Challenging
e One-shot (1S)
o + "Most natural," e.g. giving humans
instructions
o0 - Challenging
® Zero-shot (OS)
O + Most convenient
o0 - Challenging, can be ambiguous

Stronger
task-specific
performance

More convenient,
general, less data



SFT vs RLFT

O % 848 (Supervised Fine-Tuning, SFT)
o HBEATHMENIERELBERITE BRI, RFPRFBIFZTASAIELEBEFELERXET

O %448 (Reinforcement Fine-Tuning, RLFT)
o & itreward3d A2 A B AT IR AL 5 5] KA

I I
1 . 1
I 1 1
Question ! Question ! Question
I . I
: l({easonlng step 1} . : Reasoning step 1‘ Reward 1
| I P N\
‘ | _ ¥ . O
| T (- I
Reasoning step .. = ~ - -
: ) g step 4 \ 1R IR :Reasomng step l Reward ...
Reason ! . v\ | Reward |! ( ) Process
oL e Model | - Reward
! Reasoning step N § \‘.g N d Model
: p e N\ la : Reasoning step N $ Reward N
1 o~ ,': + I ( )
‘L | _ . S { . |
1 ! | J
Reward |1 ' eward = n '
Answer ™ ! | Reward
v Model | An |
Ll . SR L | Answer
I I
(a) Direct RL ! (b) Multi-Step RL With ORM :

(¢) Multi-Step RL With PRM



SFT vs RLFT

DeepSeek-R1 Zero: L& SFT, #RLIXF)

Rule-Based Reward
e Accuracy Rewards

DeepSeek-v3-Base :>

Format rewards :

DeepSeek-R1-Zero

(671B)

Reinforcement Learning
* Group Relative Policy
Optimization (GRPO)

Question: If a > 1, then the sum of the real solutions of ya — va+x = x is equal to

Response: <think>
To solve the equation ya — Va + x = x, let’s start by squaring both - - -

2
( a—\/a+x) =x> = a-+Va+tx=x%
Rearrange to isolate the inner square root term:
(a-x*)?=a+x = a®-2a’+(x*)?’=a+x = x*-2ax*-x+(a*-a) =0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:
Ja—Varx=x

First, let’s square both sides:
a-Va+x=x> = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

2

Aha Moment

Average length per response

DeepSeek-R1-Zero average length per response during training

12000 4

10000 4

8000 A

6000

4000

2000 -

0 2000 4000 6000 8000
Steps

RL3E3) T B A A3 Long-COTHE L /)



SFT vs RLFT

DeepSeck-v3-Base DeepSeck-v3-Base 4B 28 R AR A 2 ATUASFT
(671B) (671B) : 600K 472 4 15
U J 200K i A H I
Rule-Based Reward A B 3 Cold Start @
* Accuracy rewards .
o Format rewards SFT with long CoT data S AUERL
< J e 42 AN 2
Reinforcement Learning Reasoning Oriented RL (Rule-based Reward)
* Group .Rel.ative Policy * Accuracy & Format rewards 8RS RiF AR
Optimization (GRPO) « Language consistency reward (Reward Model)

U WV U

[ DeepSeek-R1-Zero 1 [ IR 132 P 5% 17 { DeepSeek-R1 }




SFT vs RLFT

O st T/ XA AL %, Fldemath. code, £ & % %+t Rule-based reward

O SFT vs RL
o HABEA RISFTRE % & AL F tpattern, X VAF 3] 2| H )G a9 AL ;
o RLW A @ iT EHphiE A 72 sk K rewardd9 i3 42 o 52 3] 2| F B a9, 3k
Fag izt fe i 2 2 A LR 25
» SFTHUEAE A A& X, 455 2 RLT VR &k s [1]
o JAERARLAZES & ILong CoT [2]

[1] SFT Memorizes, RL Generalizes: A Comparative Study of Foundation Model Post-training. https://arxiv.org/pdf/2501.17161
[2] Demystifying Long Chain-of-Thought Reasoning in LLMs. https://arxiv.org/pdf/2502.03373



https://arxiv.org/pdf/2501.17161
https://arxiv.org/pdf/2502.03373

Some jargon words (5 K & 1#)

* Scaling Law
o RAMK, HIFELS ., T HALL, HAARRE
* Emergent Ability
o BALWIIERS, —KTRAST—KZ “RARER” , LA Z X4,
* Instruction vs. Prompt
* Prompt & “BF5” , Instruction & “BA4” — M “MRFRETH” 2] “ RINALZARBEAN
* Zero-shot / Few-shot
o IEHA/BILAHE—F RKA 2 F
e CoT (Chain-of-Thought)
« “—F—F A7 ERARBREE, mALGERMEL
« ICL (In-context Learning)
« BA BRERFATT, REHEK, REMATE “BHFZ”
* Pre-training and Fine-tuning
 RYETAED, B RE—AT — ARG ES S
e Alignment
o KRR B BT, BE CUARRTT — RERELRY FHA
* Hallucination
« BA—-KESZ “BER” I

RERBR, AR E

w

R ES BECEPS A
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% % &5 4E %-(Multi-Modal Tasks)

o ANMRmIEZ: M. T BRI R R
ALFRMORS: BR. &5, XA 1.
PR AR AR S ST, s, #ER. X&...

o WAL Z-.

LARE., AL, BT HTUMNEAFZRE. BLUIREEE. ..



Vision-Language Model

VISION LANGUAGE MODEL
ARCHITECTURE Output

Two puppies are running together
in a garden

Visual
Encoder .
FUS|On Feedforward
Block Layers
S 1 Textual )
| ]

XEFAM: T, H3F. B&Ee #E ERFI




Vision Transformer (ViT)

Transformer Encoder

A

Vision Transformer (ViT)

Class , L x

Bird MLP
1(33111} Head \

MLP

i

Norm

Transformer Encoder

|
l
l
[
I J
’ l
: 3
\ J
| o=
oy I 1
s+ 09 0D 6) ) 8)8) 8) @f} | (e
l
I , \
SN ! . J |
al 4, R | =
l
|

* Extra learnable ' ' |

[class] embedding Linear Projection of Flattened Patches
||||||,|‘| Norm
Nﬂlmw~@w
AL dsanne S

Embedded
Patches

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. ICLR 2021.



MLLM: Multi-Modal Large Language Models

Response
[ Large Language Model J
Cognitive )
Module | * * Lt t 1t t 4t
- : + Instruction
Image Tokens Audio Tokens Video Tokens
A 4 A
F o PILER .
i ]
. I LLM '
A&gn(;nfnt . Embedding :
oduie I Alignment :
1
o o e e |
i
[ ] ]
Image Audio Video
Encoder Encoder Encoder
Modality t t
Module




7 #42 A (diffusion model, 2015)

o FRiAE: XIEEARGHRE (ATREE) , AFIRE (Baidf) , ARHERATEFR

o LR RiE: ZRATAERMMEA DL RT REE, FNONW T RBAR GRS, EALSE 4w
7T R 1 B Aok B

o NEEAIF: BARARDEF—F AN Ao K IR5F Z 100 2 F

I
5

Forward diffusion process (fixed)

Image

Reverse denoising process (generative)



Text-to-Image

DALL-E 3
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Text-to-Video

Prompt: Prompt:
A cartoon kangaroo A litter of golden retriever puppies
disco dances playing in the snow. Their heads pop

out of the snow, covered in.

https://openai.com/index/sora/



Multi-Modal Large Language Models

Text

image ] . /rh‘%i%fe?t?éﬁl“t N
Audi rojecion g Hoiecton g
Vieo e} e, [ e I
More modalities cee oo
Multimodal Input LLM-centric |LLM-based Semantic |Instructlon-followmg| Multimodal Output |
Encoding Alignment Understanding Alignment Generation
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