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“The potential benefits of artificial intelligence are huge, so are the dangers
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.” - Dave Waters.
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~ 3.1 FNN(Feedforward Neural Networks)
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3.2 CNN(Convolutional Neural Networks
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3.2 CNN(Convolutional Neural Networks)
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3.2 CNN(Convolutional Neural Networks)
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~ 3.2 CNN(Convolutional Neural Networks)
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3 3 RvNN(Recurswe Neural Networks)
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3.4 RNN(Recurrent Neural Networks]
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3.4 RNN(Recurrent Neural Networks)
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3.4 RNN(Recurrent.
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3.4 RNN(Recurrent Neural Networks)

TORCH.NN.UTILS.CLIP,GRAD?NORM?
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3.4 RNN(Recurrent | e.ura_INe\twork's)
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3.4 RNN(Recurrent ' Neural Networks]
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3.4 RNN(Recurrent Neural Networks) -

\
W

Bidirectional RNN

_ RNNFILSTMEBRAHRIE BT ZIRE RS RO FA R ZIR0M S, (BIEaL
BB, MEIRIE RIS FIEOIRS A%, AAIAIRSORSARER.
T —EiE R A RN E B RERSCR N, AREEREEENNS, B
WEET E RSN, e




3.5 AE(AutoEncoders)

| EERILEEERE—
A ESEEEER, FETEN
FERERIER. AR
EEHAHET R,

b, WEILAREXAE
R EFSE IS HE AR
ANgE, BEEERIFHISNE, X
AT LA ZRE0ERYIEE, R
HYKIRS,




3.6 DGN(Deep G..en'e-rative_ Networks)
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3.6 DGN(Deep Ger ativeNetwor‘kS) '
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3.8 GNN(Graph Neural Networks) -
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3.8 GNN(Graph Neural Networks)
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https://github.com/Caesar-sTmple/NLI



EFFEFIMNEMESLE pemo

. HUEEE: nytlom

premise hypothesis

One of the newest auditoriums in Mew York | built into the bedrock b Carnegie Hall is located in b
A lot of people wo n't go across the river to Hoboken because , " Oh Hoboken is located in New
The Rev. Charles Hewawasam , a Roman Catholic priest who lost a nu Matara is located in Sri Lant
The two men met at a Methodist church in downtown New Haven | v Yale University is located in
He said he just hit two men , " Ms. Treasure said at their home in Rost Rosedale is located in Quee
His father  Heinz Kreckel of Iserlohn-Letmathe , Germany |, retired as Iserlohn is located in Germa
Mr. Zawahiri said that Iraq had become " the place for the greatest klraq is located in Middle Ea
MNowhere is the concern deeper than in western Michigan , where the Coopersville is located in M
After Mr. Bremer left Irag , and after a short tour by John D. Neagropo Baghdad is located in Iraq .
28 Germany to Ban Smoking Partly Germany , Europe 's biggest toba Germany is located in Euror
The meeting , in the house of Sheik Hamid Turki al-Shawka , a promit Baghdad is located in Irag .
They have never heard of Papua or Indonesia . Papua is located in Indones
The quality and richness of the Roaring Lions frescoes , which have es Rome is located in Italy .
Perhaps the time has come for even more creative measures , like thc Rajahmundry is located in Ir
At 6:30 pm. , McCarren Park Pool , Lorimer Street , between Driggs A Greenpoint is located in Brc
G.M. plans to close assembly plants in Oklahoma City ; Lansing , Mich. Oshawa is located in Ontari
Correction : September 19, 2006 , Tuesday An article on Friday abou Plainfield is located in New .
The president said that he had received assurances from Moscow the Moscow is located in Russiz
The division of Latin America 's largest country into two evenly match Brazil is located in Latin Am
Airbus has 344 planes in service in China , Hong Kong and Macao | bu Hong Kong is located in Chi
Dale Eastlund , head of the air consulting group | said that Lagos and Bangalore is located in Indi:
Drawing on a business plan he devised three years ago as a senior in Dallas is located in Texas .
He has a serious menu of dishes like smoked sunchoke soup with bra Carroll Gardens is located ir

5 Because the story that follows is really about Joseph Simmons -LRE- Hollis is located in Queens .

When the N.H.L 's 30 general managers meet before the entry draft 1 Vancouver is located in Briti
The results scared the pants off Mr. Sondheim when he caught an eal Newbury is located in Engle
The relative vernacular cosmopolitanism of a region like Princeton als Princeton is located in New
-LRB- WPP and VMU are partners in a joint venture | AGE MNielsen Me Hong Kong is located in Chi
Mr. Arif was born in Oran | Algeria | in 1865 and was a lieutenant in th Oran is located in Algeria .

DEYARMIMN | Daniel M. Ir., 22 | Lance Cpl. , Marine Forces Reserve ; Ta Tallmadge is located in Chi
She is a daughter of Barbara C. Weiler of Manhattan and the late Gec Manhattan is located in Mey
This is what collectors live for | " said Robert H. Blumenfield | the chair Christie is located in Califorr

score relation

0.959800363 /location/location/contains
0.87085207 /location/location/contains
0.963463485 /location/location/contains
0.875556707 /location/location/contains
0.970679998 /location/location/contains
0.926600218 /location/location/contains
0674619734 /location/location/contains
0.803336143 /location/location/contains
0.788466156 /location/location/contains
0.808117807 /location/location/contains
0.798232615 /location/location/contains
0.166268274 /location/location/contains
0.747110426 /location/location/contains
0.970831335 /location/location/contains
0.985110939 /location/location/contains
0.973645687 /location/location/contains
0.521991611 /location/location/contains
0438936323 /location/location/contains
0.885988176 /location/location/contains
(0.38832432 /location/location/contains
0959626317 /location/location/contains
0.747941196 /location/location/contains
0.9781425 /location/location/contains
0.97966671 /location/location/contains
0.982167959 /location/location/contains
0.95806396 /location/location/contains
0.843381166 /location/location/contains
0.067435063 /location/location/contains
0.979435325 /location/location/contains
0962878168 /location/location/contains
0.678708732 /location/location/contains
0.093204737 /location/location/contains

t

" [33, 41] 'id" 'm.059rby' {pos”
" [88, 98], 'id" 'm.05fjf, 'n{pos"
" [115, 124] 'id" 'm.06m_{pos"
" [60, 59], 'id" 'm.0f2nf, "I{pos"
" [79 85], 'id: 'm.Occwx’, {pos"
" [60, 57], 'id" 'm.0345h’, {pos"
" [242, 253, 'Id" ‘'m.04ws{pos"
" [46 54 id: 'm.0drrx’, " {pos”
" [22, 26], 'id" 'm.0d05g4 {pos”
" [43,49], 'id": 'm.02{9z", ' {pos"

[204, 208], 'id" 'm.0d0E{pos"
[34,43], 'id" 'm.03ryn’, {pos"
[261, 266], 'id" 'm.03rj] {pos"
[141, 146], 'id" 'm.03rki{pos"
[108, 116], 'id" 'm.Ocr3t{pos"
[104, 111], 'id" 'm.05kr {pos"
[121, 131], 'id" 'm.05ff {pos"
[68 74], 'id" 'm.06bnz', {pos’
[16 29], 'id" 'm.0dpnx’, {pos’
[36, 41], 'id" 'm.0d05w. {pos’
[138, 143], 'id" 'm.03rki{{pos"
[69, 74], 'ild" 'm.0Tb_l", '{pos"
[221, 229], 'id" 'm.Ocr3({pos"
[169, 175], 'id" 'm.Occv:{pos"

- [93,109], 'id" 'm.015jr, {pos"
" [197, 204], 'id" 'm.02jx1{pos"
" [80, 90], 'id": 'm.05fjf, ‘n{pos”
" [168, 173], 'id" 'm.0d0E{pos”
" [28, 35], 'id: 'm.Ch3y’, T{pos"
" [B1, 85], 'id" 'm.05kkh’, {pos”:
" [138, 151], 'id" 'm.02_2 {pos”
" [109, 119] 'id" 'm.0ln7 {pos"

[73, 86], 'id" 'm.016p8t’, 'name” 'Carnegie Hall'}
[46, 53], 'id" 'm.0xnTE’, 'name” 'Hoboken}
[106, 112], 'id" 'm.0bl81f, ‘'name" 'Matara'}
[120, 135], 'id" 'm.08815', ‘name" "Yale University}
[68, 76], 'id" 'm.0434dk’, 'name” 'Rosedale’}
[30, 38], 'id" 'm.018z3K’, 'name": 'lserlohn’}

[23, 27], id" 'm.0d05g4’, 'name" ‘lIraq’}

[218, 230], id" 'm.0xc60’, 'name”. ‘Coopersville’}
[136, 143] "id" 'm.01fgm’, 'name” 'Baghdad’}
[3,10], id": 'm.0345R", 'name’: ‘Germany}

[233, 2407, 'id" 'm.01fam’, 'name". 'Baghdad}
[25, 307, 'id": 'm.03xrq’, 'name": 'Papua’t

[232, 236], 'id" 'm.06c62', 'name” 'Rome’}

[108, 119], 'id" 'm.048pp7', 'name". 'Rajahmundry’}
[95, 105] 'id" 'm.02372m’, 'name". 'Greenpoint’}
[95, 101] 'id" 'm.018n1k’, 'name" 'Oshawa’}
[330, 3401, 'id" 'm.Ch6l4", 'name”. 'Plainfield}
[56, 62], 'id" 'm.0dswd’, '"name” 'Moscow'}

[205, 211], "id" 'm.015fr' 'name" 'Brazil'}

[44, 53], 'id" 'm.03h64", 'name" 'Hong Kong'}
[71, 80], 'id" 'm.09c1?" 'name" 'Bangalore}
[202, 208], "id" 'm.0f2rg’, 'name" 'Dallas’?}

[203, 218], "id" 'm.026jdb’, 'name". 'Carroll Gardens'}
[160, 166], 'id" 'm.02vrh8', 'name". "Hollis}

[81, 90], 'id" 'm.080h2", 'name". Vancouver'}
[187, 194] 'id" 'm.Oxnvx’, 'name”. "Newbury'}
[57, 66], 'id" 'm.0ljsz’, 'name": 'Princeton’}

[176, 185], 'id" 'm.03h64’, 'name” 'Hong Kong'}
[21, 25], 'id" 'm.012ggk’, 'name" 'Oran’}

[69, 78], 'id: 'm.013k26’, 'name”. ‘Tallmadge'}
[42, 51] 'id" 'm.0cch6’, 'name’: '‘Manhattan’}
[209, 217], 'id: 'm.03wfw08', 'name". ‘Christie’}
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YOLOV5
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https://github.com/Caesar-s1mple/csgo-yolovb



TEGHNIQUES

GD. AdaGrad. Adadelta, Adam.
AdaMax, NAdam
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LeNet, AlexNet, VGG?&
InceptionZ%l). DenseNet
NasBet Xceptio'n SeBe
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. . PSPNet2016fE .
?ﬂﬁ%ﬁ&%iﬂ -| . Pyramid Scen Parslng Network @—7—1/\1;}, = AR

: PSPNET :

(a) Input Image (b) Feature Map (c) Pyramid Pooling Module (d) Final Prediction
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Attentlon

Channel Attention Spatial Attention

e.g..SENet Ghas i a e.g.Self-attention
What to attend nannel & Spatial | \yhere to attend

Attention
e.g.,.CBAM

Temporal Attention
e.g., GLTR
When to attend

Branch Attention
e.g., SKNet
Which to attend,
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Non-Local Network 2018-2020
RAM Highway Network 2017.11.21 (Some popular 2020-Now
2014.06.24 2015.07.22 (It first successfully attention related (Various transformer
(It adopts RNN and (It proposes to uses self-attention to network such as variants such as PCT,
reinforcement learning combine different model non-local SAGAN, OCNet, Deformable DETR DeiT,

to achieve spatial branches by using relationship in DANet, EMANet, T2T-ViT, IPT,PVT and
attention) attention method) computer vision) OCRNet and HamNet) Swin-Transformer)

I—_———————> .

STN SENet CBAM ViT
2015.06.05 2017.09.05 2018.07.17 2020.10.22
(It proposes to select (It proposes to (It proposes tp (The first pure
important region by adaptively recalibrate combine channel transformer structure
learning affine channel by using attention with spatial achieves great results
transformation) attention weight) attention) in computer vision)
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Hybrid deep learning model

(I) data pre-processing
(i) data augmentation using ACGAN
(iii) classifcation using hybrid CNN and RNN.
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Input Data
——>» Data Cleaning ——> Tokenization

l £

Metadata Named Entity
Extraction EOS Jagglag Recognition
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Dependency [ - N- Verb Class
Parsing Clustering
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Feature Selection Feature Encodin r—J Classifier

Word2Vec (skip-grams)
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Embedding to

l Vocabulary + Softmax
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Multiscale Deep CNN Arch|tecture_ yR};,yk};CNN) |

umﬁﬂﬁlﬂ@ T

A
294>

EGS TS, SrE S R =S,
HON, BEH R S RS AR (EN S R ESRECNNETEA.
SRR R A T A RS N TAE



S 2N A

Ulmﬁﬂﬁlﬂﬁ/ ' )\_‘L' 5 !

% /\ s

~ aﬁﬁ EHJ! Iiﬁ (CV)
1§H§R95NeﬂO”‘AH’]“BX%]L@:«.{%EPTIEER ?J.T: ,' e :g
(ERRE 7F;|<7|‘7|V|‘E’*”ﬁ5,)JM’“%' o

Requires a small number of hyper— _
parameters ';:':";‘:"‘.'
Trained on a multi-class dataset WA

FFFFFFF

llllllll



» Automated Machine Learning (AutoML)
05 %%EE > Multi-modal Learning

» Tiny ML

» Quantum ML

“Predicting the future isn’t magic, it's artificial intelligence.” - Dave
Maters. =
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Multi-model Learning

3D LIDAR in time Pseudo-image Backbone CNN features
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Tiny ML
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TensorFlow Lite

[1] Training

[2] Distillation
[3] Quantization
[4] Encoding

[5] Compilation




Quantum ML

Dissecting quantum prediction advantage
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