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Installing Tensorklow

pip install tensorflow
pip install tensortlow-gpu



pip install tensortlow
pip install tensortlow-gpu

Intel® Core™ i7-6900K NVIDIA GeForce®
Processor Extreme Ed. GTX™ 080 Ti

Specifications

Base Clock Frequency 3.2 GHz < 1.5 GHz

Cores 8 3584

Memory Bandwidth 64 GB/s 484 GB/s
Floating-Point Calculations 409 GFLOPS 11300 GFLOPS

Cost ~ $1000.00 ~ $700.00
Setup help:

» https://www.tensorflow.org/install/
» https://sebastianraschka.com/pdf/books/dlb/appendix_h_cloud-computing.pdf
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Vectorization

np. random r andon( (num_tr ai n_exanpl es,

np. random r andon( ( num f eat ur es,

num_hi dden))

num f eat ures))




| ogits = np.zeros([numtrain_exanples, num hi dden])
for i, rowin enunerate(X): # row = training exanple
for j, col in enunerate(WT): # col = features
vector _dot product = 0

for a, b in zip(row, col):
vect or _dot product += axb

|l ogits[i, j] = vector_dot_ product

np. allclose(logits, np.dot(X, W)
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Computation Graphs

a(x, w, b) = relu(w*x + b)

N

bias term
(“threshold”)

activation function

weight parameter
training example

with 1 input feature
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import matplotlib.pyplot as plt
import numpy as np

def relu(x):
# max(0, x)
return x * (x > 0)

X = np.arange(-10, 10)
plt.plot(x, relu(x))

REctified Linear Unit

x ifxz>0
relu(x) = :
0 otherwise
-100 -75 -50 -25 00 25 50 75
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Computation Graphs
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Computation Graphs

a(x, w, b) = relu(w*x + b)

\ J

|
Vv
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Computation Graphs

import tensorflow as tf

g = tf.Graph()
with g.as _default() as g:

x = tf.placeholder(dtype=tf.float32, shape=None, name='x")

w = tf.Variable(initial value=2, dtype=tf.float32, name='w")
b = tf.vVariable(initial value=1, dtype=tf.float32, name='b")
U= X * W

Vv=u+bhb

a = tf.nn.relu(v)

init op = tf.global variables initializer()

print(x, w, b, u, v, a)

\

a(x, w, b) = relu(w*x + b)

J

|
V
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Computation Graphs

import tensorflow as tf

g = tf.Graph()
with g.as _default() as g:

tf.placeholder(dtype=tf.float32, shape=None, name='x")

X =

w = tf.Variable(initial_value=2, dtype=tf.float32, name='w")
b = tf.Variable(initial value=1, dtype=tf.float32, name='b")
Uu=Xx*Ww

v=u+tb

a = tf.nn.relu(v)

print(x, w, b, u, v, a)

Tensor("x:0", dtype=float32) <tf.Variable 'w:0' shape=() dtype=float32 ref> <tf.Variable
'b:0"' shape=() dtype=float32 ref> Tensor("mul:0", dtype=float32) Tensor("add:e",
dtype=float32) Tensor("Relu:0", dtype=float32)
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Computation Graphs

with tf.Session(graph=g) as sess:
sess.run(init_op)
b_res = sess.run(’b:0")

print(b_res)

1.0
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TensorBoard

with tf. Session(graph=g) as sess:

sess.run(init_op)
file witer = tf.summary. FileWiter(logdir='"1o0gs/graph-1",

In your terminal

$ pip install tensorboard
$ tensorboard --1ogdir |ogs/graph-1

gr aph=g)
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TensorBoard
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Computation Graphs

P[a = reIu(v)J

3.@1:> X
i w
2

with tf.Session(graph=g) as sess:
sess.run(tf.global variables initializer())
u_res, v_res, a_res = sess.run([u, v, a], feed dict={'x:0": 3.})

print(u_res, v_res, a_res)

6.0, 7.0 7.0
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Computation Graphs and Derivatives

da
dv

RN
Y = relu(v)|

Calculus refresher:

https://sebastianraschka.com/pdf/books/dlb/appendix_d_calculus.pdf
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Calculus refresher:
https://sebastianraschka.com/pdf/books/dlb/appendix_d_calculus.pdf
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Chain Rule
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?

TensorFlow
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with g.as default() as g:
w=tf.gradients(a, w
w = tf.gradients(a, b)

d a_
d b

with tf. Session(graph=g) as sess:
sess.run(init_op)
dw, db = sess.run([d a w, d b w], feed dict={ x:0": 3})

print (dw, db)

[3.0] [1.0]
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g = tf.Graph()
with g.as default() as g:

x = tf.placeholder(dtype=tf.float32, shape=None, name='x")

w = tf.Variable(initial value=2, dtype=tf.float32, name="w')
b = tf.Variable(initial value=1, dtype=tf.float32, name='b")
U= X * W

v=u+t+Db

a = tf.nn.relu(v)

tf.gradients(a, w)

d a_
d_ b tf.gradients(a, b)

with tf.Session(graph=g) as sess:
sess.run(tf.global variables initializer())
res = sess.run([d_a w, d b w], feed dict={'x:0": 3})



Multilayer Perceptron — Forwarad
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Multilayer Perceptron — Backpropagation

Compute the gradient:

=] (W) = a}h)tsi(o) Error term of the output layer:
ow; j

As implemented in
https://github.com/ra

sbt/pydata-

annarbor2017-dlI-

tutorial/blob/master/
Error term of the hidden layer: code.ipynb

(h)
50 = 5O (W) o %

Compute the gradient:

_ ,(in) o(h)
](W)-aj d;

(h)
awl' i
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# Loss
| oss
cost

tf.reduce_nean(l oss, name='cost')

# input/output dim [n_sanples, n_classlabel s]
sigma_out = (out_act - tf_y) / batch_size

# input/output dim [n_sanples, n_hidden_1]
softmax_derivative_hl = hl_act * (1. - hl_act)

tf.nn.softmax_cross_entropy with |ogits(logits=out_z, |abels=tf_y)

# input dim [n_sanples, n_classlabels] dot [n_classlabels, n_hidden]

# output dim [n_sanples, n_hidden]

sigma_h = (tf.matnul (sigma_out, tf.transpose(weights['out'])) *

sof t max_deri vative_hl)

# input dim [n_features, n_sanples] dot [n_sanples,

# output dim [n_features, n_hidden]
grad_w _hl
grad_b_hl

tf.reduce_sun(sigma_h, axis=0)

# input dim [n_hidden, n_sanples] dot [n_sanples,
# output dim [n_hidden, n_classl abel s]

grad_w out
grad_b_out

tf.reduce_sun(signa_out, axis=0)

# Update wei ghts
upd _w 1 tf.assign(weights["hl"'], weights['hl'] -
upd_b_ 1

tf.matmul (tf.transpose(tf_x), sigma_h)

n_hi dden]

n_cl assl abel s]

tf.matmul (tf.transpose(hl _act), signma_out)

| earning rate * grad_w hl)

upd_w out = tf.assign(weights[' out'], weights['out"']

upd_b_out tf.assign(biases[' out'], biases[' out']

tf.assign(biases[' ' bl'], biases['bl'] - learning rate * grad_b_hl)

- learning_rate * grad_w_out)
| earning rate * grad_b_out)

train = tf.group(upd_w 1, upd b 1, upd_w out, upd b out, nanme="train')

(very)
low-level

backprop



HARARBHHHHHHHHAAAAAAR BRI
### TRAI NI NG & EVALUATI ON
HARARBHHHHHHHHAAAAAAR BRI

with tf.Session(graph=g) as sess:
sess.run(tf.global _variables initializer())

for epoch in range(training _epochs):
avg _cost = 0.
total _batch = mmi st.train.numexanples // batch_size

for 1 in range(total batch):
batch_x, batch_y = mist.train. next_ batch(batch_size)
_,C =sessrun(ftrain’, "cost:0'], feed dict={ features: 0" : batch_x,
"targets:0': batch_y})
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# Loss
| oss
cost

tf.reduce_nean(l oss, nane='cost')
HHAHHHBHH R R R

# Backpropagati on
HHHH IR R R

# GCet radi ents

low-level backprop

tf.nn.softmax_cross entropy with |logits(logits=out z, |abels=tf_y)

dc_dw out, dc_db out = tf.gradients(cost, [weights['out'], biases['out']])
dc_dw 1, dc db 1 = tf.gradients(cost, [weights['hl'], biases['bl']])

# Update Wi ghts
upd w 1
upd b 1
upd_w out

tf.assign(weights['hl'], weights[' hl']
tf.assign(biases[' ' bl"'], biases['bl']
tf.assign(weights['out'], weights['out'] - learning rate * dc_dw out)

- learning rate * dc_dw 1)
| earning rate * dc_db_ 1)

upd b out = tf.assign(biases[ out'], biases['out'] - learning rate * dc_db out)

train = tf.group(upd w 1, upd b 1, upd w out,

upd b _out, name='train')



‘convenient” backprop

# Loss

|l oss = tf.nn.softmax _cross _entropy wth logits(logits=out _z, |abels=tf_y)
cost = tf.reduce_nean(l oss, nane='cost')

HHHHHH R R
# Backpropagati on
HHHHH AR TR TR R AR HHH

optimzer = tf.train. Gadi ent Descent Opti m zer(l earning _rate=learning rate)
train = optim zer.mnimze(cost, nane='train')



HARARBHHHHHHHHAAAAAAR BRI
### TRAI NI NG & EVALUATI ON
HARARBHHHHHHHHAAAAAAR BRI

with tf.Session(graph=g) as sess:
sess.run(tf.global _variables initializer())

for epoch in range(training _epochs):
avg _cost = 0.
total _batch = mmi st.train.numexanples // batch_size

for 1 in range(total batch):
batch_x, batch_y = mist.train. next_ batch(batch_size)
_,C =sessrun(ftrain’, "cost:0'], feed dict={ features: 0" : batch_x,
"targets:0': batch_y})
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TensorkFlow Layers




PR Models in a box
Canned Estimators
Keras Train and evaluate
Estimator <« models
Model

«—— Build models

Layers

Python Frontend C++ Frontend
TensorFlow Distributed Execution Engine

R L T TTTTTTTrTTTTee R NYTT L U hrTTs .

Link to the talk: https://www.youtube.com/watch?v=t64o0rtpgS-E
Estimator Documentation: https://www.tensorflow.org/extend/estimators
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Defining your wrapper functions manually

def fully connected(input _tensor, output nodes,
acti vati on=None, seed=None,
nane=ful | y connect ed’):

with tf.variabl e _scope(nane):
| nput _nodes = I nput _tensor.get shape().as list()[1]
wei ghts = tf. Variable(tf.truncated normal (shape=(i nput _nodes,
out put _nodes),
mean=0.0,
st ddev=0.01,
dt ype=tf .f | oat 32,
seed=seed),
nane='wei ght s')

bi ases = tf.Variable(tf.zeros(shape=[ out put _nodes]), nane='Dbi ases')

act = tf.matmul (i nput _tensor, weights) + biases
| f activation is not None:
act = activation(act)
return act
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g =
W t

tf. G aph()
h g.as_default():

# | nput
tf X
tf y

# Ml ti
| ayer 1

| ayer 2

out | ay

dat a

Using tensorflow.layers

tf.placeholder(tf.float32, [None, n_input], name='features')
tf.placeholder(tf.float32, [None, n_classes], nanme='targets')

| ayer

per ceptron

= tf.layers. dense(tf_x, n_hidden_1,

activation=tf.nn.rel u,
kernel initializer=tf.truncated normal initializer(stddev=0.1))

= tf.layers. dense(l ayer 1, n_hidden_2,

er -—

activation=tf.nn.rel u,
kernel initializer=tf.truncated normal initializer(stddev=0.1))

tf.layers. dense(layer 2, n_classes, activation=None)
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-eeding Data into the Graph

From Python via placeholders sess.run([..], feed dict={'x:0': .., 'v:0: .., .})

- Python pickle

- NumPy .npz archives (
- HDF5 (

- CSV

Using input pipelines and queues

- Reading data from TFRecords files (
- Queues for loading raw images (

More Iinfo:
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® 0 | abstract_pydata-meetup_aug2017.txt -
PyData Aug 2017

Name: Sebastian Raschka

Title: An Introduction to Deep Learning with TensorFlow

Abstract

In this tutorial, you will learn how to use the open-source TensorFlow library for deep learning.
What's so great about TensorFlow is that it allows us to work with multi-dimensional arrays and
train deep neural network very efficiently by utilizing GPU resources.

In this introduction to TensorFlow, you will learn how to define computational graphs and how to
execute them in a Python runtime environment. After implementing backpropagation for a simple
multi-layer perceptron, we will talk about TensorFlow's convenience features for optimization and
the new layers API to construct more complex deep learning architectures more compactly. Finally,
we will implement a General Adversarial Networks architecture to see how we can access and update
variables from different network graphs and scopes -- the entry point for inventing and
experimenting with novel architectures in our real-world applications and research.
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Title: An Introduction to Deep Learning with TensorFlow

Abstract

In this tutorial, you will learn how to use the open-source TensorFlow library for deep learning.
What's so great about TensorFlow is that it allows us to work with multi-dimensional arrays and
train deep neural network very efficiently by utilizing GPU resources.

In this introduction to TensorFlow, you will learn how to define computational graphs and how to
execute them in a Python runtime environment. After implementing backpropagation for a simple
multi-layer perceptron, we will talk about TensorFlow's convenience features for optimization and
the new layers API to construct more complex deep learning architectures more compactly. Finally,
we will implement a General Adversarial Networks architecture to see how we can access and update
variables from different network graphs and scopes -- the entry point for inventing and
experimenting with novel architectures in our real-world applications and research.
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GET STARTED

Useful (and Free) Resources

Inutall
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Duploy
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with Applicaticns in Python
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One More Thing!
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Python Machine Learning
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https://www.amazon.com/Python-Machine-Learning-scikit-learn-TensorFlow/dp/1787125939/
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