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TensorFlow

Multi-dimensional array of data

Graph of operations
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● Take-home Exercises



Why TensorFlow?

● General computational platform
● Hardware accelerated and distributed
● Mobile and Embedded
● Research friendly and production ready



Where is TensorFlow being used?

● Gmail
● Google Translate
● Youtube WatchNext
● DeepMind Research



TensorFlow Components



TensorFlow Components - Ops

● Element-wise Math Ops - Add, Sub, Exp
● Array Ops - Slice, Shape, Split, Shuffle 
● Matrix Ops - MatMul, MatrixDeterminant 
● Stateful Ops - Variable, AssignAdd



Basic Programming Model

● Sessions - build graphs, subgraphs
● Tensors - short life-time, deallocated when not referenced

○ Typed, multi-dim array, e.g. tf.float32
○ Automatic memory management

● Variables - persistent and mutable tensors that survive 
during a graph execution
○ e.g. learned parameters persist and updated



TensorFlow 101

>> sess = tf.Session()
>> a = tf.constant(2)
>> b = tf.constant(8)
>> sess.run(a + b)
10

>> c = tf.add(a, b)
>> c.eval(sess)
10



Shape Inference 101

>> a = tf.constant([1, 2, 3, 4])
>> a
<tf.Tensor 'Const_1:0' shape=(4,) dtype=int32>

>> b = tf.tile(a, [2])
>> b
<tf.Tensor 'Const_1:0' shape=(8,) dtype=int32>

>> session.run(b)
array([1, 2, 3, 4, 1, 2, 3, 4], dtype=int32)



Why is shape inference important?



Writing Compound Ops

def correct_prediction_op(preds, labels):
    return tf.equal(tf.argmax(preds, 1), tf.argmax(labels, 1))

def calc_accuracy(correct_predictions):
return tf.reduce_mean(tf.cast(correct_predictions, tf.float32))



Linear Regression



Linear Regression

import tensorflow as tf
x = tf.placeholder(shape=[2,1], dtype=tf.float32, name="x")
W = tf.get_variable(shape=[1,2], name="W")
b = tf.get_variable(shape=[1], name="b")
y = tf.matmul(W, x) + b
x_in = [[3], [4]]
 
with tf.Session() as sess:
  sess.run(tf.initialize_all_variables())
  print sess.run(y, feed_dict={x: x_in})



Linear Regression - Loss Function



Linear Regression - Loss Function

y_label = tf.placeholder(shape=[1,1],dtype=tf.float32,
                         name="y_label")

diff = y - y_label
L = tf.reduce_sum(diff * diff)



Linear Regression - Training

train_op = tf.train.GradientDescentOptimizer(learning_rate=0.01)
                   .minimize(L)
data = load_csv("training_data.csv", delimiter=",")
for x1, x2, y_in in data:
  sess.run(train_op, feed_dict={x: [[x1],[x2]], y_label: y_in})



Linear Regression - Evaluation

eval_data = load_csv("evaluation_data.csv", delimiter=",")
acc = 0.
for x1, x2, y_in in eval_data:
  acc += sess.run(L, feed_dict={x: [[x1],[x2]], y_label: y_in})
print acc / len(eval_data)



Visualization









TensorBoard



TensorBoard 101

tf.summary.FileWriter

● Writes summary protocol buffers to event files
● Updates file contents asynchronously
● Keeps the training program efficient



TensorBoard 101

stddev = tf.sqrt(tf.reduce_mean(tf.square(var - mean)))
tf.summary.scalar('stddev', stddev)

tf.summary.scalar()
tf.summary.histogram()
tf.summary.audio()
tf.summary.image()

Tensorboard --logdir=path/to/log-directory



Visualization - Embedding Projector (link)

http://projector.tensorflow.org/


Visualization - Embedding Projector (link)

http://projector.tensorflow.org/


High-level APIs



TensorFlow Distributed Execution Engine

CPU GPU Android iOS ...

C++ FrontendPython Frontend ...

Layers

Estimator

Models in a box

Train and evaluate 
models

Build models

Canned Estimators

Keras



Keras

● Support multiple backends
○ Theano
○ TensorFlow
○ CNTK

● Focus on fast prototyping
● Used heavily in competitions and research



Keras - Example



TensorFlow Estimators

● Easy transition for Scikit-learn users
● Hides all “grundy” parts of TensorFlow
● Avoids boilerplate code
● Transitions into learning TensorFlow low-level APIs
● Distributed training and evaluation

https://github.com/pkmital/tensorflow_tutorials/tree/master/python


      Estimator

Input Data

train()

model_fn

predict()

evaluate()

Sessions, 
Graphs, 
Loops export_savedmodel()

input_fn



Feature Columns



Input Function



Canned Estimator

Pre-made Estimators encode best practices, providing the 
following benefits:

● Best practices for determining where different parts of the computational 
graph should run, implementing strategies on a single machine or on a 
cluster.

● Best practices for event (summary) writing and universally useful 
summaries.



Canned Estimator - Example



Canned Estimator
Existing:

● Linear Estimators
● DNN Estimators

On the roadmap:

● Dynamic RNN & State Saving RNN Estimators
● Time Series Estimators
● Clustering
● Generative models
● Tree-based models



Custom Estimator - Example

Link to code

https://gist.github.com/terrytangyuan/635886756e63933954eaaaa7dc2ad57d#file-tensorflow-exercises-slides-code-py-L57


Building Blocks

● Layers
● Optimizers
● Losses
● Metrics
● SessionRunHook
● Experiment

https://github.com/tensorflow/tensorflow/blob/master/tensorflow/contrib/layers/python/layers/layers.py
https://github.com/tensorflow/tensorflow/blob/master/tensorflow/contrib/layers/python/layers/optimizers.py
https://github.com/tensorflow/tensorflow/blob/master/tensorflow/contrib/losses/python/losses/loss_ops.py
https://github.com/tensorflow/tensorflow/tree/master/tensorflow/contrib/metrics
https://github.com/tensorflow/tensorflow/blob/master/tensorflow/contrib/learn/python/learn/monitors.py
https://github.com/tensorflow/tensorflow/blob/master/tensorflow/contrib/learn/python/learn/experiment.py


Modelling Techniques

● Early Stopping
● Custom Learning Rate Decay
● Custom Class Weights
● Dropout
● Batch Normalization
● Clip Gradients



● Set of transformations that compose together to build 
complex data pipelines

● Create and manipulate different datasets and iterators 
in the same program to parameterize the behavior

Datasets API



Datasets API - Dataset Interface



Datasets API - Iterator Interface



Datasets API - Integration with input_fn



Datasets API - Performance Tuning



Distributed TensorFlow



Data Parallelism



Model Parallelism



Types of Tasks

● Parameter server tasks
○ Variables
○ Update Ops

● Worker tasks
○ Pre-processing
○ Loss calculation
○ Backpropogation



Types of Tasks



Device Replacement

cluster = tf.train.ClusterSpec({"ps": ps_hosts, "worker": worker_hosts})
server = tf.train.Server(cluster,
                         job_name=FLAGS.job_name,
                         task_index=FLAGS.task_index)
if FLAGS.job_name == "ps":

server.join() # listens requests
elif FLAGS.job_name == "worker":

with tf.device(tf.train.replica_device_setter(
    worker_device="/job:worker/task:%d" % FLAGS.task_index,
    cluster=cluster)):

# Build the model...



In-graph Replication (single tf.Graph)

with tf.device("/job:ps/task:0/cpu:0"):
W = tf.Variable(...)
b = tf.Variable(...)

inputs = tf.split(0, num_workers, input)
result = []
for i in range(num_workers):

with tf.device("/job/worker/task:%d/gpu:0" % i):
result.append(tf.matmul(inputs[i], W) + b)

loss = fn(result)



Between-graph Replication (multiple clients)

with tf.device("/job:ps/task:0/cpu:0"):
W = tf.Variable(...)
b = tf.Variable(...)

with tf.device("/job:worker/task:0/gpu:0"):
result = tf.matmul(input, W) + b
loss = fn(result)

with tf.device("/job:ps/task:0/cpu:0"):
W = tf.Variable(...)
b = tf.Variable(...)

with tf.device("/job:worker/task:1/gpu:0"):
result = tf.matmul(input, W) + b
loss = fn(result)



Variable Placement - Partitioned Variables

greedy = tf.contrib.training.GreedyLoadBalancingStrategy(...)
with tf.device(tf.train.replica_device_setter(

ps_tasks=3, ps_strategy=greedy)):
embedding = tf.get_variable(

"embedding", [100000000, 20],
partitioner=tf.fixed_size_partitioner(3))



Fault Tolerance

with tf.device(tf.train.replica_device_setter(ps_tasks=3)):
weights = tf.get_variable("weights", [784, 100])
biases = tf.get_variable("biases", [100])
...

saver = tf.train.Saver(sharded=True)
with tf.Session(server.target) as sess:

while True:
...
if is_chief and step % 1000 == 0:

saver.save(sess, "hdfs://...")



Fault Tolerance

server = tf.train.Server(...)
is_chief = FLAGS.task_index == 0

with tf.train.MonitoredTrainingSession(server.target, is_chief) as sess:
while not sess.should_stop():

sess.run(train_op)



Experiment and Estimator

def experiment_fn(config, params):
features = [tf.layers.embedding_column(...),

tf.layers.bucketized_column(...)]
return Experiment(

train_input_fn=..., eval_input_fn=...,
estimator=DNNClassifier(

hidden_units=[10, 20], feature_columns=features,
config, params))

learn_runner.run(experiment_fn, config, ...)



References

● R Interface to TensorFlow
● TensorFlow Estimators KDD’17 Paper
● TensorFlow OSDI’16 Paper
● TensorFlow Datasets API
● Code Presented in The Slides
● My Personal Website

http://tensorflow.rstudio.com
http://terrytangyuan.github.io/data/papers/tf-estimators-kdd-paper.pdf
https://www.usenix.org/system/files/conference/osdi16/osdi16-abadi.pdf
https://developers.googleblog.com/2017/09/introducing-tensorflow-datasets.html
https://gist.github.com/terrytangyuan/635886756e63933954eaaaa7dc2ad57d
https://terrytangyuan.github.io/about/


Ready for exercises?

● Link to exercises: 
https://github.com/terrytangyuan/tensorflow-basic-exercises

https://github.com/terrytangyuan/tensorflow-basic-exercises


Thanks!


