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(Binary Classification).

# 3 ) A aladiuly AU Canat e JUs Logistic Regression alaiul davws numpy sscipy
# Aa O LSl o) iy s

import numpy as np

from scipy.special import expit # 4> sigmoid

# 5 paer Adaesy A a5 iy Ciy yai (X)) 4l Cliguai s (y: 0 1 )
X = np.array([[0.5, 1.5], [1, 1], [1.5, 0.5], [3, 0.5], [2, 2], [1, 2.5]]) # =i
Y= np'arraY([Oa 05 05 15 19 1]) # )‘—U‘:-)A 1 cmse o ne: 0( ;\"“9‘““9‘“ ‘—’IA‘);"Q

) sie JS0 ol 5531 At (O el 51 4335 + bias)
weights = np.random.randn(3)

# alaainly 5l Al sigmoid S Caaill

def predict(X, weights):
# 3 gac izl bias A X
X bias =np.c_[np.ones(X.shape[0]), X]
# sl Glua: sigmoid(np.dot(X, weights))
return expit(np.dot(X bias, weights))

# alaAiuly 3 geill w3 gradient descent tavs

learning_rate = 0.1

for _in range(1000): #3352 1000 4 ) <3
preds = predict(X, weights) # 4l & i)
error =y - preds # Uaall Clua



#Uasl) e 2l ol 55 Guaas
gradient = np.dot(np.c_[np.ones(X.shape[0]), X].T, error * preds * (1 - preds))
weights += learning_rate * gradient

#5aaa Clly ozl jlaal

new_data = np.array([[1.2, 1.8]])

pred = predict(new_data, weights)

print("1, :" S 5 if pred > 0.5 else 0) # 1 <l A (0 )& o 0.5> 1)

H e e pe by cadS o JUL) 3 (spam): &Uﬂ‘ Cartaill g ¢l jaall Gy A8 st,d\ alxiy,

(Multi-class Classification)

# alaainly il aaetie canial e JUa Softmax Regression plaiiuly baw numpy
import numpy as np

# 0 e a2 il (X)) saanie Ciliiai s (y: 0,1,2)
X =np.array([[0,0], [1,1], [2,2], [3,3], [4,4], [5,5]]) # —3ax
y =np.array([0, 0, 1, 1, 2, 2]) # )&t=2 ¢ Jsl=1 3 liae=0: 25 a0 Jia( i

# )l 35l L) 438 JS( i O ) 551 A
num_classes =3
weights = np.random.randn(X.shape[1] + 1, num_classes) # o) sl + bias

# 42 goftmax <olall da=ia Cartaill

def softmax(z):
exp_z = np.exp(z - np.max(z, axis=1, keepdims=True))
return exp_z / np.sum(exp_z, axis=1, keepdims=True)

# unill s

def predict(X, weights):
X bias = np.c_[np.ones(X.shape[0]), X] # 4L) bias
return softmax(np.dot(X _bias, weights))

# alaaiuly cu X gradient descent
learning rate = 0.01
for _in range(1000):
probs = predict(X, weights) # bl cylaial



# Jisxiy A one-hot encoding

y_onehot = np.eye(num_classes)[y]

error =y _onehot - probs # sl

gradient = np.dot(np.c_[np.ones(X.shape[0]), X].T, error) / X.shape[0]
weights += learning_rate * gradient

# saaa iy e ladl

new data = np.array([[2.5, 2.5]])

probs = predict(new_data, weights)

print("4=8 siall &81:" | np argmax(probs)) # Jiaial e cld 4l

# Gl ) e 2l 3aamte il ) bl sl zsaill Al culal) 8 g Caviial Jiay |2a,

(Linear Regression)

# ebiﬁu\_j U_L:;l\ Dl Je JUa numpy alall A0S e 2l culal) C\_u\ Sy il
import numpy as np

# A a8 Qb X (psy/eaS Cale 40aS)c y (asy/ 3 ula 40aS)
X =np.array([1, 2, 3, 4, 5]).reshape(-1, 1) # —=3ax
y=np.array([2, 4, 6, 8, 10]) # s s

# 4l bias I X
X bias =np.c_[np.ones(X.shape[0]), X]

# hall Hlasi¥) Alales aladiuly o)) 55Y) lua (normal equation)
weights = np.linalg.inv(X_bias.T.dot(X bias)).dot(X bias.T).dot(y)

# anill Adla

def predict(X_new, weights):
X new_bias = np.c_[np.ones(X new.shape[0]), X new]
return X new_bias.dot(weights)

# il



new X = np.array([[6]])
print("culal 4 5251l predict(new X, weights)) # 4dad Ale (a yéy y=mx +b

(Polynomial Regression)

# ebiﬁu\.} 3 gaal) daxia Dlaasy) &53‘: Jla numpy amy ic yu L_J.t: 2Ly a8lal) Ay puuill
import numpy as np

# Ul X (AY) de )y (8L du)
X =np.array([1, 2, 3, 4, 5]).reshape(-1, 1)
y =np.array([1, 0.5, 1, 2, 3]) # s e s

# 253 2 ) i a3 (2 4220 x, x72)
X poly =np.c_[np.ones(X.shape[0]), X, X**2]

# ) sY) Sl
weights = np.linalg.inv(X_poly.T.dot(X poly)).dot(X_ poly.T).dot(y)

# anill Adla

def predict(X_new, weights):
X new_poly =np.c_[np.ones(X new.shape[0]), X new, X new**2]
return X new_poly.dot(weights)

# s

new_X = np.array([[6]])

print("8al 4y 5053:" predict(new_X, weights)) # Jie dpbad e GEe Ll /A2
# Ac pull ge 28l BaL ) a3 aldds) Jie Batae BBl padiy

(Non-linear Regression)

# alaaiuly GE;“ o sy e JUa 501pyopt1mlze )4_\.\»\ Q\J\A( LSl gad dadall
from scipy.optimize import curve_fit



import numpy as np

#aba e Ay y=a * exp(b * x)
def nonlinear func(x, a, b):
return a * np.exp(b * x)

# Sl X (Cs)e y (LSl sae)
x_data = np.array([0, 1, 2, 3, 4])
y data =np.array([1, 2.7, 7.4, 20, 54.6])

# CJ gl daeSa
params, = curve fit(nonlinear func, x data, y data)
# sl

def predict(x_new, params):
return nonlinear func(x_new, *params)

new x =75
print("k S s 5250):", predict(new_x, params)) # ) se bl
# Ao 3 90 axia gl T gl e ol Y Saine EMa] Couilia,

K-Means

# e J% K-Means plaiul numpy osall s g3 pall da jo e 2l culal) cilily apeil
import numpy as np

# s Ay bl pa da o Sy
data = np.array([[4, 3.5], [5, 2.8], [3, 3.8], [6, 4.0], [4.5, 3.2]])

#1380k S e A K2
k=2
centroids = data[np.random.choice(data.shape[0], k, replace=False)]

# 3alocal) Gl Ao
def distance(a, b):
return np.sqrt(np.sum((a - b)**2, axis=1))



#El S ) S
for _in range(10): # <) 10 ol 2
# 38 e o 8Y Al S (ppa
labels = np.argmin(np.array([distance(data, c) for ¢ in centroids]), axis=0)
# S el Cpaas
new_centroids = np.array([data[labels == i].mean(axis=0) for i in range(k)])
if np.all(centroids == new_centroids):
break
centroids = new_centroids

print("<le seaall:", labels) # 0 4kas J< ]
# culall Jhe (8 LS o @l e 2l (e saae ) UL oy

Hierarchical Clustering

# e Jis Hierarchical Clustering alaiuls scipy <Y ¢laf asiil
from scipy.cluster.hierarchy import linkage, fcluster
import numpy as np

# )36 liS dAe pun Jia( ¥ glal: iy
data = np.array([[1, 90], [2, 85], [3, 70], [4, 95], [5, 60]])

# )i Ll gl il
Z = linkage(data, method='ward") # ward ¢lall Jil&d

labels = fcluster(Z, t=2, criterion="maxclust")

print("<le sexall:", labels) # Gao o andy 5 de s 5 ad iy
# oanidi 5l anant il o 3l e gana L YY) apniil ardiy.



DBSCAN

# e Ji DBSCAN plaiiuls numpy YY) &l g0 Jalail) Jase Sudii(
import numpy as np

# Y &) ;i
data = np.array([[1,1], [1.1,1.1], [10,10], [10.1,10.1], [5,5]])

# Clalaa; eps (Alus)e min_samples (AESU ool ax)
eps =1
min_samples = 2

# Glilie il
dist = np.sqrt(np.sum((data[:, np.newaxis] - data)**2, axis=2))

# Owat labels (-1 L)
labels = np.full(data.shape[0], -1)
cluster id =0

for 1 in range(data.shape[0]):

if labels[i] !=-1:
continue

neighbors = np.where(dist[i] < eps)[0]

if len(neighbors) < min_samples:
labels[i] = -1 # &

else:
labels[neighbors] = cluster id
cluster id +=1

print("<le seadl:" Jabels) # il ) ol g 48N e 2l Glaast day
# i il sale Y Glaaadll e By YT aaad 8 acliy,



(PCA)

# e i PCA alaainls numpy <l bdl o 3al ) gea slasf (il
import numpy as np

# )OSy Jia( Dl e 4 ccilive 5: iy
data = np.array([[2.5, 2.4, 3.1, 4.2], [0.5, 0.7, 1.2, 1.5], [2.2, 2.9, 3.0, 4.1],
[1.9,2.2,2.8,3.9],[3.1, 3.0, 3.5, 4.5]])

# Sllall 35
mean = np.mean(data, axis=0)
centered = data - mean

cov = np.cov(centered.T)

# Clgaiall 5 4l adll s
eigvals, eigvecs = np.linalg.eig(cov)

#ebiKa el
top_components = eigvecs|:, np.argsort(eigvals)[::-1][:2]]

# Ay s
reduced = centered.dot(top_components)

print("alidl Gl reduced) # ol e Bliall ae dadi 2 ) Jsas

t-SNE

# e Jlis t-SNE plaaiuls torch (g sklearn) 4 s2¥) clily ) padl
import torch
from sklearn.manifold import TSNE # AT sy Jasial ¢ ji iy o1 13)

# Yl e iy



data = torch.rand(50, 15) # 50 3w 15 de

# alaaiu) TSNE (= sklearn
tsne = TSNE(n_components=2, perplexity=>5) # slul 2 ) Julss
reduced = tsne.fit transform(data.numpy())

print("s) sl ", reduced[:5]) # pmail dasll GBI e Blinll e S
#2 sl Adle iy gl 2850D) 3 5D s a8 8 LS,

(Anomaly Detection)

# alasinly 353 (el e Jlis Z-score pladinls b numpy

import numpy as np

#)50 33l 33l 5 <30-25 Lealaxa( 3]s da o Sl
data = np.array([25, 26, 27, 28, 29, 50]).reshape(-1, 1)

# s obmall ol jail g Lo giall s
mean = np.mean(data)

std = np.std(data)

#3 z oA 1) 3538 aaatstd
anomalies = np.abs(data - mean) > 3 * std

print("2523):" np.where(anomalies)[0]) # dunhll e adll 2oy
# I Y] 8 ke e 5l e e GLES) 8 el

(Semi-Supervised Learning)

# e JUs Semi-Supervised #2323l Label Propagation L (245 numpy)
import numpy as np

# o s 50 uiany: Sl (y 1= =1)¢ ) 1-( Ansmssn e 5



X = np.array([[1,1], [1.5,1.5], [5,5], [5.5,5.5], [10,10]]) # <
y =np.array([0, 0, -1, -1, -1]) # & asusa

# lilioe Clos
dist = np.sqrt(np.sum((X[:, np.newaxis] - X)**2, axis=2))

# Ol U8Y el i3
for _in range(10):
for 1 in range(len(y)):
if y[i] =-1:
neighbors = np.argsort(dist[i])[1:3] # 2 <
labels = y[neighbors][y[neighbors] !=-1]
if len(labels) > 0:
y[i] = np.argmax(np.bincount(labels))

print("BJ)ﬁald\ Qw\:"’ y) # o5 sa )l Canual ?}“’JA\ PRENI
# Clatiall 83 g aniil B S A gu s e e ALE Do s g0 ULy ey,

(Model-Based RL)

# e s Jis Model-Based RL al235ub torch ¢ s il 3 )3 slSlad
import torch

# )Jﬂlﬁ/u.as.\ J.ds.v( lal<a ‘)R_\AS ulb( ¢) sl c)‘;h UJ‘)M( Al oy 44y
states = torch.tensor([10.0]) # 5| 05 35e
actions = torch.tensor([0, 5, 10]) # kil &l L

#)15-0( S sde @lla - llat o= aa (55 )3): blSlae( Al 3 sa
def model(state, action):
demand = torch.rand(1) * 15
new_state = state + action - demand
reward = -torch.abs(new_state - 10) # 10 e Laliall slil<a
return new_state, reward

#3Sladl e 2l o) ja) Juadl jLial)
best_action = max(actions, key=lambda a: model(states, a)[1])



print("ls Josdl:", best_action) # )il daieal) Slay
# O 3all 3l & Clelal) BlSlaal A4nll LA gad S,

(Model-Free RL)

# e Jis Model-Free RL (Q-Learning L) alxaiuls numpy 4 s3¥) U (el
import numpy as np

# Q_table; YA x )uh.as.xZI b 5=0: &) ) dille=] dasiie—(): 3 ) yn ds d".m( Gle) yal
q_table = np.zeros((2, 2))

#s0a Al Gl ol ja) Ala: ey

state =0

action = np.argmax(q_table[state] + np.random.randn(2) / (1 + 1)) # <sLaSiul
reward = | if action == 0 else -1 # 4ux) il slélsa

next state = |

# i Q

alpha, gamma = 0.1, 0.9

q_table[state, action] += alpha * (reward + gamma * np.max(q_table[next_state]) -
q_table[state, action])

print("Q-table &xsdll:" g table) # zisa 52 Al (e alaiy
# 2wy lilee Cpantl Und g 4 ja8 o aaing

(Deep RL - DQN)

# e b Js Deep RL pl2aiuls torch (DQN (s i) 43813 skl
import torch
import torch.nn as nn



# el Lpne 1,5Q
class DQN(nn.Module):
def init (self):

super(). _init_ ()
self.fc = nn.Linear(4, 2) #4 ¢!,a) 2 )ie o dilse Jin( &l ja

def forward(self, x):
return self.fc(x)

net = DQN()

#) Jlaiia iy Jie( Uls
state = torch.rand(1, 4)

# el a) ksl
q_values = net(state)
action = torch.argmax(q_values)

print("& sl ¢) 2Y):", action) # gex RL = deep nets s38xall Sl
# a3i)Al) 3alal) 2 )sa e 32820 cilily & Jalaill ddiae SWG PREGIY

(Feedforward NN)

# e JG Feedforward NN aladiuls torch culad 33 s Cayial
import torch
import torch.nn as nn

# )l 2z oA i )l G 2( JA) Agde; Aagusy AS03
class FFNN(nn.Module):
def init (self):
super(). init_ ()
self.fcl = nn.Linear(2, 4)
self.fc2 = nn.Linear(4, 2)

def forward(self, x):
x = torch.relu(self.fc1(x))
return self.fc2(x)



net = FFNN()

# )5 x Aa )3 s A Ja
input = torch.tensor([[3.5, 4.0]])

# sl

output = net(input)

print("—wiail:", torch.argmax(output)) # —iaill ol 34x
# Culall Caiai Jio Adasy olgal 2al g oladl 8 (58035 ¢ 53 Janal,

(CNN)

# LA‘Q Jis CNN e\d;:\u\_a torch ))}.;a( 4:\3\3:1\ Calasiiall 33 g ua;ﬁj
import torch
import torch.nn as nn

# 4805 CNN el 4o (28 «8L8 [x28 Jie MNIST i)
class CNN(nn.Module):
def init_ (self):
super(). init_ ()
self.conv = nn.Conv2d(1, 16, kernel size=3) # < 2zl )aiul
self.fc = nn.Linear(16*¥26*26, 2) # il

def forward(self, x):
x = torch.relu(self.conv(x))
x = x.view(x.size(0), -1)
return self.fc(x)

net = CNN()

# dpal S8l 5 ) suaa
image = torch.rand(1, 1, 28, 28)

output = net(image)
print("<aaill:", torch.argmax(output)) # sl (e JISEl 5 Col ga aliis



(RNN)

# e JUis RNN pladinls torch dalulad ) clily Jalal
import torch
import torch.nn as nn

# RNN ) ol je YT de ju Jio( ol dassy
class RNN(nn.Module):
def init (self):
super(). init_ ()
self.rnn = nn.RNN(1, 4, batch_first=True) # < alualls <13
self.fc = nn.Linear(4, 1)

def forward(self, x):
_, hn = self.rnn(x)
return self.fc(hn.squeeze(0))

net = RNN()

#)5as) 58 e cAaia ) Gl gl 5( Juduss

sequence = torch.rand(1, 5, 1)

output = net(sequence)
print(" 555" output) # ALl SO B SIY Jadiag
# gl e VY el Jie dluladl) el

Transformers

# e JUe Transformer pla33ub torch gl Slulus Jilail
import torch
import torch.nn as nn



# Transformer encoder L
class Transformer(nn.Module):
def init (self):

super(). _init_ ()
self.encoder = nn.TransformerEncoderLayer(d model=4, nhead=2)

def forward(self, x):
return self.encoder(x)

net = Transformer()

# ) e 4 o) ghad 3( s

sequence = torch.rand(3, 1, 4) # src_len, batch, dim

output = net(sequence)
print("z),AY):", output) # dagall o) a3 elmY) e S
# 7Y Al e b LS 63l e llus Aallaal oLty e aains,

(GANs)

# Ao basws Jlia GAN pl235ub torch @ e <lily ad ol
import torch
import torch.nn as nn

# Jagun Al e
class Generator(nn.Module):
def init_ (self):

super(). init_ ()
self.fc = nn.Linear(10, 2) # )< s 2( <ty ) el guia (1

def forward(self, z):
return self.fc(z)

# nas
class Discriminator(nn.Module):
def init (self):



super(). init_ ()
self.fc = nn.Linear(2, 1)

def forward(self, x):
return torch.sigmoid(self.fc(x))

gen = Generator()
disc = Discriminator()

A pde olia s
z = torch.rand(1, 10)
fake data = gen(z)

# owa

prob = disc(fake data)

print("sa sall ULl Aad) g JWis):") prob) # Jeess A ga C (gl
15 530 o gpnd Al Lo Uil iy 355

(VAEs)

# e Jbia VAE pladinls torch Juaef cais
import torch
import torch.nn as nn

# VAE Jas
class VAE(nn.Module):
def init (self):
super(). it ()
self.encoder = nn.Linear(4, 2) # (S sLad )
self.decoder = nn.Linear(2, 4) # ¢l 3:le)

def forward(self, x):
latent = self.encoder(x)
recon = self.decoder(latent)

return recon
vae = VAE()

# Ol e Gile) B Jia cilily



data = torch.rand(1, 4)

recon = vae(data)

loss = nn.MSELoss()(recon, data) # 355 —aiSl (3 jdll (uld
print("sLll s3le):" recon) # _wS (B 1) 3508 Al coliy diay g Jaraay
#3505 CRSS gl Bana iy A gl UalS S lay,
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DNN

CNN

RNN

LSTM

FNN

GAN

VAE

Deep Neural Network
Convolutional Neural Network
Recurrent Neural Network
Long Short-Term Memory
Transformer Network
Feedforward Neural Network
Generative Adversarial Network

Variational Autoencoder

- Training Set
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- Overfitting
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- Loss Function

- Cost Function

eSO | VP (B A |
§ad Vel A e} 2200
5y Sl Lol 80l
sl b 55Tl s
U s

insle Y & Sl Azl
Gyl A asliadl A sl
el 3lakd) sl

C’;Ld\ R ﬁn\b 2

o) &y

ol e gt
oarasdl b
ol i



- Optimization S
GD Gradient Descent uég,\ﬂ\ sy

= Regularization FL.J\

- Dropout é\j.»d\ Ly

- Batch Normalization dﬁa,\S\ G,LJ\

I

Sl dd e

- Labeled Data Aagul] SLL)

- Unlabeled Data = dssusl) & UL

- Labeling/Annotation Aol
- Normalization G.L:J\
- Standardization S g3l

- Data Cleaning L e

- Data Augmentation S
- Data Balancing Sl &) e
- Transformation Ju g

- Imputation claduy!



il olidedl . g

- Industry 4.0 4.0 dluall
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MAE

MSE

RMSE

F1 Score

Confusion Matrix
ROC Curve

Area Under Curve
Mean Absolute Error
Mean Squared Error

Root Mean Squared Error

R2  Coefficient of Determination
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VR
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Large Language Model
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Cognex VisionPro

: https:/ / www.cognex.com/ products/ machine-vision/ Vision—éjl\ o

software/ visionpro

: https://www.cognex.com/resourceslitgk’-ﬂ\ S)lk) e

a5l Blall Slate .o
Augury

: https://www.augury.com g )| ﬁﬁl\ .

: https:/ / www.augury.com/ resourcess J\jl\ o
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: https://www.augury.com/get-a-demo o5 o8 b
Uptake

: https://uptake.com g @L\ .

: https://uptake.com/solutions Jod-| e

: https://uptake.com/blog%yl\ .

Senseye Predictive Maintenance

. https://www.senseye.io;ﬁjl\ .

: https://www.senseye.io/resourcess)\sll o
s, AN pldl e
Siemens Xcelerator

: https://xcelerator.siemens.comi,|sl o

: https://www.siemens.com/global/en/products/automation/topic-Jgd! o

areas/digital-enterprise.html

 https://support.industry.siemens.com .l
NVIDIA Isaac Sim

: https://developer.nvidia.com/isaac-sima,l|

: https://docs.omniverse.nvidia.com/isaacsim gl

: https://www.nvidia.com/en-us/omniverse/download J; i\ e
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ANSYS Twin Builder

: https://www.ansys.com/products/systems/ ansys—twin—buﬂderé AU
: https://www.ansys.com/resource-centers,lsl! o

Flall bWl cagf clase 5

PTC ThingWorx
: https://www.ptc.com/en/products/thingworx g | dsl1 e

: https:// support.ptc.com/help/thingworxéi\"5 e

: https://www.ptc.com/en/support/training/thingworxi K9 .
Tulip

: https://tulip.cosssll e

: https:/ /tulip.co/libraryi,xﬂ\ .

: https:/ / community.tulip.co,.&%\ o

Microsoft Azure IoT

: https: | |azure.microsoft.com/en-us/solutions/ iotad jl\ .
N—

: https://docs.microsoft.com/azure/iot Hk o

: https://docs.microsoft.com/learn/azure Jdl
AWS IoT

: https://aws.amazon.com/iotgdsl! e

: https://docs.aws.amazon.com/iot k4l e
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Coursera

Machine Learning by Andrew Ng: https:/ / Www.coursera.org/ learn/machine-

learning

Deep Learning Specialization: https:/ /www.coursera.org/ specializations/ deep—

1earning

Al for Manufacturing: https:/ /Www.coursera.org/ learn/ ai—for—manufacturing

edX
MIT's Introduction to Deep Learning: https:/ /Www.edx.org/ learn/ deep— .
iearning
Professional Certificate in Al: https:/ / www.edx.org/ professionai— .
certificate/ coiumbiax—artificial—intelligence
Udacity

Al for Manufacturing Nanodegree: https:/ /Www.udacity.com/ course/ai-for-

manufacturing--nd311

Computer Vision Nanodegree: https://www.udacity.com/course/computer-

Vision—nanodegree——nd891
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Fast.ai
Practical Deep Learning for Coders: https://course.fast.ai o
PyTorch e su, JoL 3l e
IR S
Machine Learning
"Hands-On Machine Learning" by Aurélien Géron
"Pattern Recognition and Machine Learning" by Christopher Bishop o
"The Elements of Statistical Learning" by Hastie, Tibshirani, Friedman
Deep Learning

"Deep Learning" by Goodfellow, Bengio, Courville: «
https:/ / Www.deeplearningbook.org

"Deep Learning with Python" by Francois Chollet o

"Neural Networks and Deep Learning" by Michael Nielsen: e

http :// neuralnetworksanddeeplearning.com
Computer Vision

C\xn"Computer Vision: Algorithms and Applications" by Richard Szeliski (  «
ol

"Deep Learning for Computer Vision" by Rajalingappaa Shanmugamani .


https://course.fast.ai/
https://www.deeplearningbook.org/
http://neuralnetworksanddeeplearning.com/

Industrial Al

"Al in Production” by Kai Andersson, Terje Nafstad, and Stein Olav
Skrovseth

"Artificial Intelligence for Manufacturing” by Massimiliano Versace o
(Papers)iss i34 3} 50 T
arXiv.org

Al https://arxiv.org/list/cs.Al/recent 3 igodl 31,0 dare o

Computer Vision: https:/ /arxiv.org/ list/cs.CV/ recentr.&.é .

Machine Learning: https:/ [arxiv.org/ list/cs.LG/ recent(wié .
Papers with Code

: https://paperswithcode.comazs) 31,,3 ile Clides o

Computer Vision: https:/ / Paperswithcode.com/ area/ computer—vision(wé o
Google Scholar

: https://scholar.google.com'&ﬁg.s{iﬁ\ 3\”m Csd2 e
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https://arxiv.org/list/cs.CV/recent
https://arxiv.org/list/cs.LG/recent
https://paperswithcode.com/
https://paperswithcode.com/area/computer-vision
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Stack Overflow
: https://stackoverflow.com/questions/tagged/machine-learningis J| el o

Al: https:/ /stackoverflow.com/ questions/ tagged/ artificial—intelligence(wé .

Reddit

r/ MachineLearning: https: //www.reddit.com/r/ MachineLearning .

r/ ComputerVision: https: //www.reddit.com/r/ computervision e

r/learnmachinelearning: https: //www.reddit.com/r/ learnmachinelearning .

GitHub
: https://github.com/topics/machine-learning jial! &> g:as @LM .

Awesome Machine Learning: https:/ / github.com/ josephmisiti/ awesome- e

machine—learning

iolje) Ol .o

LinkedIn Groups
Artificial Intelligence & Machine Learning e
Industry 4.0 & Smart Manufacturing e

Computer Vision Professionals e
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Kaggle

: https://www.kaggle.com/competitionsu bl de Slalus o
: https://www.kaggle.com/learnig"d) &l o) o
: https:/ /www kaggle.com/discussioni® s
dyls) polany Sbpiae 4
i Oy
Towards Data Science
AI/ML: https://towardsdatascience.com 3 daasie SV o

Machine Learning Mastery

: https://machinelearningmastery.comid )& yug)5 o

Google Al Blog

Google: https://ai.googleblog.com &\« e

OpenAl Blog

OpenAl: https://openai.com/blogYae o

DeepMind Blog

DeepMind: https://deepmind.com/blog&il4l e
Al polas .o
MIT Technology Review

AL https://www.technologyreview.com/topic/artificial-intelligence . o
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VentureBeat Al

Al https://venturebeat.com/category/ai ,l>1 o

The Batch (DeepLearning.Al)
: https://www.deeplearning.ai/the-batchis sousl &)l 5 20 o
49Lo] 3)l5ey Dol 5
o el |
Google Colab

GPU: https://colab.research.google.comas il &£ o

Kaggle Notebooks

 https://www kaggle.com/code 3l GPU w 5153 s o
Paperspace Gradient

: https://gradient.paperspace.comiyls* ML ,slos dxy o
by ol o
UCI Machine Learning Repository

: https://archive.ics.uci.edu/mléc guo ULy Do o
Kaggle Datasets

: https://www.kaggle.com/datasets bl Sle g YT o

Google Dataset Search
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https://www.deeplearning.ai/the-batch
https://colab.research.google.com/
https://www.kaggle.com/code
https://gradient.paperspace.com/
https://archive.ics.uci.edu/ml
https://www.kaggle.com/datasets

: https://datasetsearch.research.google.com bl &s J 2 o
ImageNet

: https://www.image-net.orgis®® 50 Sbly o
(Pre-trained Models) gl &aone 73 .
TensorFlow Hub

TensorFlow: https://tthub.dev s 532> Csu .
PyTorch Hub

PyTorch: https://pytorch.org/hub s 50l 73k
Hugging Face

: https://huggingface.co/models J‘{b NLP C’JU: .

ONNX Model Zoo

ONNX: https://github.com/onnx/modelsxe 425 g0 Cb\.& .
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icd Olaz

IEEE (Institute of Electrical and Electronics Engineers)
:https://www.ieee.orgéjl\ .

Computational Intelligence: https:// cis.ieee.org(,,.“'é .

ACM (Association for Computing Machinery)

: https://www.acm.orgsill e
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https://cis.ieee.org/
https://www.acm.org/

Al https://www.acm.org/special-interest-groups/sigs/ sigaiud o
AAATI (Association for the Advancement of Al)
:https://www.aaai.orgéjl\ .
Aty Do 2
NeurIPS (Neural Information Processing Systems)
: https://neurips.ccéjl\ .
ICML (International Conference on Machine Learning)
: https://icml.ccéjl\ .

CVPR (Computer Vision and Pattern Recognition)

: https://cvpr.thecvl.comasll o

ICCV (International Conference on Computer Vision)

. https://iccv.thecvf.com;{éjl\ .
Al SV S5y plas 7
OPC Foundation

: https:// opcfoundation.orgqc\.;,al\ JlaW OPC UA plas o

ISO Standards

: https://www.iso.orgiclually 535l ISO las @

[EC Standards

: https:/ /www.iec.chis , (Sl ylakl o
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