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Artifitial Intelligence and Neural Network
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Computer Vision Tasks

Clazsification .
Classification Localization Object Detection

Instance
Segmentation
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- BRI ML (CNN)

« EEHKE BRE LR
- TaIPPE % (RNN)

« LI IRHEFAEDE

- KEHILIcMg: (LSTM)
« CNN+RNN
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A person riding a Two dogs play in the grass.
motorcycle on a dirt road.

Two hockey players are
_fighting over the puck
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24 (Rectified Linear Unit, RelU)

* f(x) = max(0,x)



784 x164+16x16 + 16x 10
weights

16 +16 + 10

biases

13,002

Finding the right
weights and biases
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What’s the “cost”
of this difference?
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s XX (cross entropy)

* CE(Y, f(x)) = — Lxex Y log f(x)
 SEIT RS

* LY, f(x)) = Zxex(Y — f(%))?
* TR R R KL

* L(Y, f(X)) — ZxEXe_Yf(x)
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Train:
« data, label
* Test:

« data, result

o A i
* Environment:
 agent, state, action, reward, policy
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Tensorflow:MNISTIR B FEEF

from tensorflow.examples.tutorials.mnist import input_data

mnist = input data.read data sets("MNIST data/" =True)
import tensorflow as tf

X = tf.placeholder(tf.float32, [None,

Y = tf.placeholder(tf.float32, [None

def {shape):
return tf.Variable(tf.random normal(:

w_h = init weights([784 1)
w_h2z = init_weights([16, 16])

w_o = 1nlt_welghts([16, 1)




Tensorflow:MNISTR | FHEHF

)z
tf.nn.relu(tf.matmul(
tf.nn.relu(tf.matmul(h,

return tf.matmul(h2 )

py_x = model(X, w_h, w_h2, w_ o)

cost tf.reduce _mean(tf.nn.softmax_cross_entropy with_ logits( =py_X =YY)

train_op = tf.train.RMSPropOptimizer( y.minimize(cost)

predict_acc = tf.reduce_mean(tf.cast(tf.equal(tf.argmax(py x, 1), tf.argmax(Y, 1)), tf.float32))
epoch_count

batch_size = |




Tensorflow:MNISTIR B FEEF

with tf.S5ession() as sess:
sess.run(tf.global_variables_initializer())
step =
for i in range(epoch_count):
step += 1
batch_x, batch_y = mnist.train.next_batch(batch_size)
sess.run(train_op, ={X: batch x, Y: batch_y})
if step % 128 =
loss, acc = sess.run([cost, predict_acc],
={X: batch x, Y: batch y})
print(“"Epoch: {}".format(step), "\tloss: {:.6f}".format(loss),

5f}" . format(acc))

print(“Testing Accuracy: {:8.5f}".format(sess.run(predict acc

={X: mnist.test.images, Y: mnist.test.labels})))
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* Trial and error

forward pass | - Supervised Learning
O PR (correct label is provided)
-1.2 -0.36
. block of differentiable compute ——
Image (e.g. neural net) P F‘]-‘:-it’].l.:r“‘..‘.‘.
1.0 0
backward pass
forward pass Reinforcement Learning
+ |log probabilities
1.2 | 0.36 « sample an action
image S BZ:II:?;&J;::}LEE::Jnmwte gradients
0 =1.0
- ’ eventual reward -1.0

backward pass



Gym is a
toolkit for

developing
and comparing
reinforcement
learning
algorithms.

Maximize your score in the Atari 2600 game Pong. In this
environment, the observation is an RGB image of the screen,
which is an array of shape (210, 160, 3) Each action is
repeatedly performed for a duration of k frames, where k is
uniformly sampled from {2, 3,4}.

T he Garme = sirmodlaled Hnough the Arcackes [earming Ervirodrnant [ALE]L
which uses the Stella [Stofla] Atarl omulator.
fALE] MG Ballornare, Y Maddal J Vaness, and M Bowling. “The srcado
learning envirommend An avaluadion plafform lor general ogents ™
Journal of Artificial infefligence Ressarch (2002)
[Slalial Steffa: A Mulli-Fadiorn Alar 2600 VG5 omulator
hitfocffelana sourceldorge. el
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