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Last Week‘s Review
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► Structured Data processing using SparkSQL

► RDD vs. DataFrame vs. DataSet

► Logical and physical plans
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Spark and 
SparkSQL
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Spark SQL
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DataFrames and Datasets

►Spark has two notions of structured collections:
• DataFrames
• Datasets

►They are distributed table-like collections with well-defined rows and
columns.
►They represent immutable lazily evaluated plans.
►When an action is performed on them, Spark performs the actual
transformations and return the result.

4
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Structured API in Spark
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Spark SQL; The Whole Story

• Create and Run Spark Programs Faster:

1.Write less code.
2.Read less data.
3.Let the optimizer do the hard work.

6
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Today’s Topic
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Machine 
Learning
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Machine Learning

8



CPSC 436C  Cloud Computing for Data Science – Distributed Machine Learning   Maryam R.Aliabadi

What is Machine Learning?

9

Data Actionable Knowledge

That is roughly the problem that Machine Learning addresses!
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Data and Knowledge

10

► Is this email spam or no spam?

► Is there a face in this picture?

► Should I lend money to this customer given his spending behavior?
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Data and Knowledge

11

► Knowledge is not concrete
► Spam is an abstraction
► Face is an abstraction
► Who to lend to is an abstraction

► You do not find spam, faces, and financial advice in datasets, you just
find bits!
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Machine Learning with Spark

►Spark provides support for statistics and machine learning.

►Supervised learning
►Unsupervised engines
►Deep learning

12
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The Advanced analytical process

13

►Data collection
►Data cleaning
► Feature engineering
► Training models
►Model tuning and 

evaluation

13 / 73
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What is MLlib?

►MLlib is a package built on Spark.

► It provides interfaces for:
• Gathering and cleaning data
• Feature engineering and feature selection
• Training and tuning large-scale supervised and unsupervised machine learning

models
• Using those models in production

14



CPSC 436C  Cloud Computing for Data Science – Distributed Machine Learning   Maryam R.Aliabadi

What is MLlib?

►MLlib consists of two packages.

► org.apache.spark.mllib
• Uses RDDs
• It is in maintenance mode (only receives bug fixes, not new features)

► org.apache.spark.ml
• Uses DataFrames
• Offers a high-level interface for building machine learning pipelines

15
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High level MLlib concept 

16

►ML pipelines (spark.ml) provide a uniform set of high-level APIs 
built on top of DataFrames to create machine learning pipelines.
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Pipeline 

► Pipeline is a sequence of algorithms to process and learn from data.

► E.g., a text document processing workflow might include several stages:

• Split each document’s text into words.
• Convert each document’s words into a numerical feature vector.
• Learn a prediction model using the feature vectors and labels.

17

►Main pipeline components: transformers and estimators.
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Transformers

18

► Transformers take a DataFrame as input and produce a new 
DataFrame as output.

► The class Transformer implements a method transform()
that converts one DataFrame into another.

/ /  t ransformer:  DataFrame =[transform]=> DataFrame

t ransform(dataset :  DataFrame): DataFrame
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Estimators

► Estimator is an abstraction of a learning algorithm that fits a model on a
dataset.

► The class Estimator implements a method f i t ( ) , which accepts a
DataFrame and produces a Model (Transformer).

19

/ /  est imato r :  DataFrame = [ f i t ] = >  Model

f i t ( d a t a s e t :  DataFrame): M
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How does pipeline work?
• A pipeline is a sequence of stages.
• Stages of a pipeline run in order.
• The input DataFrame is transformed as it passes through each stage.
•   Each stage is either a Transformer or an Estimator.
• E.g., a Pipeline with three stages: Tokenizer and HashingTF are 

Transformers, and
• LogisticRegression is an Estimator.

20
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How does pipeline work?

21

► P i p e l i n e . f i t ( ) :  is called on the original DataFrame
• DataFrame with raw text documents and labels

► Tokenizer.transform(): splits the raw text documents into words
• Adds a new column with words to the DataFrame

► HashingTF.transform(): converts the words column into feature vectors
• Adds new column with those vectors to the DataFrame

► L og ist i cRe gre ss ion .f i t ( ) :  produces a model (LogisticRegressionModel).
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How does pipeline work?

22

► A Pipel ine is an Estimator (DataFrame =[fit]=> Model).

► After a Pipeline’s f i t ( )  runs, it produces a PipelineModel.

► PipelineModel is a Transformer (DataFrame =[transform]=> DataFrame).

► The PipelineModel is used at test time.

P ipe l ine PipelineModel
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Distributed Machine Learning

34
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NLP Model Size Growth

36
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Challenge 
• Training deep neural networks are:
• Computationally intensive 
• Time consuming 

►Why ? 
► Massive amount of training dataset
► Large number of parameters

37
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Accuracy Vs. Data/Model Size

38

[ J e f f  Dean a t  A I  F r o n t i e r s :  Trends and Developments i n  Deep Learn ing  Research]
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Accuracy Vs. Data/Model Size
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[ J e f f  Dean a t  A I  F r o n t i e r s :  Trends and Developments i n  Deep Learn ing  Research]
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Accuracy Vs. Data/Model Size
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[ J e f f  Dean a t  A I  F r o n t i e r s :  Trends and Developments i n  Deep Learn ing  Research]
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Fundamentals of Machine Learning

41
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Training Data Sets

42



CPSC 436C  Cloud Computing for Data Science – Distributed Machine Learning   Maryam R.Aliabadi

ML Model

► E.g., linear models, neural networks, etc.
► ŷ = f w(x)

43
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Loss Function

44

►How good ŷ is able to predict the expected outcome y.

► J (w) = Σ l (yi , ̂yi )

► J(w) = 1mΣ (yi  − ̂yi )2m

 i =1

m

 i =1
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Objective 

45

►Minimize the loss function

► arg minw J (w)

► J (w) = Σ
m

 i =1
l (yi , ̂yi )
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Training 
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►J (w) = Σm 
 i =1 l (y i , ̂y i )

►Gradient descent, i.e., w := w − η∇J (w)

► Stochastic gradient descent, i.e., w := w − η~g J(w)
• ~g: gradient at a randomly chosen point.

►Mini-barch gradient descent, i.e., w := w − η~gBJ(w)
• ~g: gradient with respect to a set of B randomly chosen points.
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Let’s Scale/Distribute Training

47
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Distributed Training

• Using the right hardware configuration can dramatically reduce 
training time.
• A shorter training time makes for faster iteration to reach your 

modeling goals.

48
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Distributed training 

49

Data 
Parallelism 

Model 
Parallelism 
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Data Parallelism 

50

► Replicate a whole program on every 
device.

► Train all replicas simultaneously, using a
different mini-batch for each.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]
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Data Parallelism 

51

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]

► Split data to K mini-batches on K devices
► J j (w) = Σbj

i =1
l (y i , ̂y i ), ∀j  = 1, 2, · · · , k

► ~gBJj(w): gradient of J j(w) with 
respect to a set of B randomly chosen 
points at device j .

► Compute ~gBJj(w) on each device j .
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Data Parallelism 

52

► Compute the mean of gradients 

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]

► ~gBJ (w) = 1
k
Σ k 

j =1 ~gBJj(w)
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Data Parallelism 

53

►Update the model

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]

► w := w − η~gBJ (w)
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Batch size

54
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Linear Model with Data Parallelism 
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Linear Model with Model Parallelism 
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Linear Model with Data/Model 
Parallelism 

57
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Data Parallelism Design Issues

► The aggregation algorithm

► Communication synchronization and frequency

► Communication compression

61
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The Aggregation Algorithm

►How to aggregate gradients (compute the mean of the gradients)?

► Centralized - Parameter Server

►Decentralized - AllReduce

►Decentralized - Gossip

62
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Aggregation: Centralized - Parameter Server

63

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]

► Store the model parameters outside of the workers.

► Workers periodically report their computed parameters or parameter updates to a 
(set of) parameter server(s) (PSs).
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Aggregation: Decentralized - AllReduce

65

► Mirror all the model parameters across all workers (no PS).

► Workers exchange parameter updates directly via an allreduce operation.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]
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Aggregation: Distributed - Gossip
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► No PS, and no global model.

► Every worker communicates and updates with their neighbors.

► The consistency of parameters across all workers only at the end of the algorithm.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]
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Centralized Vs. Decentralized

67
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Reduce

68

► Reduce: reducing a set of numbers into a smaller set of numbers via a function.

► E.g., sum([1, 2 ,  3 ,  4 ,  5 ] )  = 15

► Reduce takes an array of input elements on each process and returns an array of 
output elements to the root process.

[ h t t p s : / / m p i t u t o r i a l . c o m / t u t o r i a l s / m p i - r e d u c e - a n d - a l l r e d u c e ]
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AllReduce

69

►AllReduce stores reduced results across all processes rather than 
the root process.

[ h t t p s : / / m p i t u t o r i a l . c o m / t u t o r i a l s / m p i - r e d u c e - a n d - a l l r e d u c e ]
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AllReduce Example

70

Initial state After AllReduce operation

[ h t t p s : / / t o w a r d s d a t a s c i e n c e . c o m / v i s u a l - i n t u i t i o n - o n - r i n g - a l l r e d u c e - f o r - d i s t r i b u t e d - d e e p - l e a r n i n g - d 1 f 3 4 b 4 9 1 1 d a ]
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Synchronization

• When to synchronize the parameters among the parallel workers?

71
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Communication Synchronization
► Synchronizing the model replicas in data-parallel training requires communication

• between workers, in AllReduce
• between workers and parameter servers, in the centralized architecture

► The communication synchronization decides how frequently all local models are
synchronized with others.

► It will influence:
• The communication traffic
• The performance
• The convergence of model training

► There is a trade-off between the communication traffic and the convergence.

72
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Reducing Synchronization Overhead

► Two directions for improvement:

• To relax the synchronization among all workers.

• The frequency of communication can be reduced by more computation in one 
iteration.

73
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Communication Synchronization Models

► Synchronous

► Stale-synchronous

►Asynchronous

► Local SGD

74
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Synchronous Gradient Update

75

►After each iteration, the workers synchronize their parameter updates.
► Every worker must wait for all workers to finish the transmission of all 

parameters in the current iteration, before the next training.
► Stragglers can influence the overall system throughput.
►High communication cost that limits the system scalability.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]
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Stale-Synchronous Update

76

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]

►Alleviate the straggler problem without losing synchronization.
► The faster workers to do more updates than the slower workers to reduce 

the waiting time of the faster workers.
► Staleness bounded barrier to limit the iteration gap between the fastest 

worker and the slowest worker.
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Asynchronous Update

77

► It completely eliminates the synchronization.
► Each work transmits its gradients to the PS after it calculates the 

gradients.
► The PS updates the global model without waiting for the other 

workers.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]
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Local SGD

78

►All workers run several iterations, and then averages all local 
models into the newest global model.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]
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Communication Compression

► Reduce the communication traffic with little impact on the model
convergence.

► Compress the exchanged gradients or models before transmitting
across the network.
► Quantization
► Sparsification

79
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Communication Compression - Quantization

80

►Using lower bits to represent the data.
► The gradients are of low precision.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]

80 / 72
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Communication Compression - Sparcification

81

► Reducing the number of elements that are transmitted at each iteration.
► Only significant gradients are required to update the model parameter to

guarantee the convergence of the training.

► E.g., the zero-valued elements are no need to transmit.

[Tang e t  a l . ,  Com m unicat ion-Eff ic ient  D i s t r i b u t e d  Deep L e a r n i n g :   A Comprehensive S u r v e y ,  2020]
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Recap

► Scalability matters

► Parallelization

►Data Parallelization
• Parameter server vs. AllReduce
• Synchronized vs. asynchronized

86
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Next class:

Stream Processing

89


