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Big Data for Data Science

Scalable Machine Learning

credits: 
Matei Zaharia & Xiangrui Meng
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SPARK MLLIB
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What is MLLIB?
MLlib is a Spark subproject providing machine learning primitives: 
• initial contribution from AMPLab, UC Berkeley 
• shipped with Spark since version 0.8
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What is MLLIB?
Algorithms: 
• classification: logistic regression, linear support vector machine (SVM), 

naive Bayes
• regression: generalized linear regression (GLM) 
• collaborative filtering: alternating least squares (ALS) 
• clustering: k-means 
• decomposition: singular value decomposition (SVD), principal 

component analysis (PCA)
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Collaborative Filtering
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Alternating Least Squares (ALS)
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Collaborative Filtering in Spark MLLIB
trainset = 
sc.textFile("s3n://bads-music-dataset/train_*.gz")
.map(lambda l: l.split('\t'))
.map(lambda l: Rating(int(l[0]), int(l[1]), int(l[2])))

model = ALS.train(trainset, rank=10, iterations=10) # train

testset =                                 # load testing set
sc.textFile("s3n://bads-music-dataset/test_*.gz")
.map(lambda l: l.split('\t'))
.map(lambda l: Rating(int(l[0]), int(l[1]), int(l[2])))

# apply model to testing set (only first two cols) to predict
predictions = 

model.predictAll(testset.map(lambda p: (p[0], p[1])))
.map(lambda r: ((r[0], r[1]), r[2]))
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Spark MLLIB – ALS Performance

System Wall-clock /me (seconds) 
Matlab 15443 
Mahout 4206 
GraphLab 291 
MLlib 481
• Dataset: Netflix data 
• Cluster: 9 machines. 
• MLlib is an order of magnitude faster than Mahout. 
• MLlib is within factor of 2 of GraphLab.
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Spark Implementation of ALS
• Workers load data 
• Models are instantiated 

at workers. 
• At each iteration, models 

are shared via join 
between workers. 

• Good scalability.
• Works on large datasets

Master
Workers



www.cwi.nl/~boncz/bads

Spark SQL + MLLIB
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MLLIB Pointers
• Website: http://spark.apache.org
• Tutorials: http://ampcamp.berkeley.edu
• Spark Summit: http://spark-summit.org 
• Github: https://github.com/apache/spark 
• Mailing lists: user@spark.apache.org dev@spark.apache.org
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A SHORT INTRODUCTION TO 
NEURAL NETWORKS 

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Example: Image Recognition

AlexNet
‘convolutional’ neural network

Input Image

Weights

Loss

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Neural Nets - Basics
• Score function (linear, matrix)
• Activation function (normalize [0-1])
• Regularization function (penalize complex W)

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Neural Nets are Computational Graphs
• Score, Activation and Regularization together with a Loss function

• For backpropagation, we need a formula for the “gradient”, i.e. the 
derivative of each computational function: 

1.00

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Training the model: backpropagation
• backpropagate loss to the weights to be adjusted, proportional to a learning rate

• For backpropagation, we need a formula for the “gradient”, i.e. the 
derivative of each computational function: 

1.00-0.53

-1/(1.37)2*1.00 = -0.53

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han)
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Training the model: backpropagation
• backpropagate loss to the weights to be adjusted, proportional to a learning 

rate

• For backpropagation, we need a formula for the “gradient”, i.e. the 
derivative of each computational function: 

1.00-0.53

1 *-0.53 = -0.53

-0.53

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han)
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Training the model: backpropagation
• backpropagate loss to the weights to be adjusted, proportional to a learning 

rate

• For backpropagation, we need a formula for the “gradient”, i.e. the 
derivative of each computational function: 

1.00-0.53

e-1.00 *-0.53 = -0.20
-0.53-0.20

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Training the model: backpropagation
• backpropagate loss to the weights to be adjusted, proportional to a learning 

rate

• For backpropagation, we need a formula for the “gradient”, i.e. the 
derivative of each computational function: 

1.00-0.53-0.53-0.200.20

0.20

0.20

0.20

0.20

0.40

-0.20

-0.40

-0.60

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung



www.cwi.nl/~boncz/bads

Activation Functions

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Get going quickly: Transfer Learning

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Neural Network Architecture

• (mini) batch-wise training
• matrix calculations galore

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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DEEP LEARNING
SOFTWARE

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Deep Learning Frameworks
Caffe è Caffe2 Paddle
(UC Berkeley) (Facebook) (Baidu)

Torch è. PyTorch CNTK
(NYU/Facebook) (Facebook) (Microsoft)

Theano è TensorFlow MXNET
(Univ. Montreal) (Google) (Amazon)

• Easily build big computational graphs
• Easily compute gradients in these graphs
• Run it at high speed (e.g. GPU)

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Deep Learning Frameworks

..have to compute 
gradients by hand..
No GPU support 

..gradient computations are 
generated automagically from the 
forward phase (z=x*y; b=a+x; c= 
sum(b)) + GPU support 

..similar to TensorFlow
Not a “new language” but 
embedded in Python 
(control flow).

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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TensorFlow: TensorBoard GUI

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Higher Levels of Abstraction

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung

formulas “by name”

=stochastic
gradient
descent
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Static vs Dynamic Graphs

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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Static vs Dynamic: optimization

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han)
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Static vs Dynamic: serialization
serialization = create a runnable program from the trained network

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han)



www.cwi.nl/~boncz/bads

Static vs Dynamic: conditionals, loops

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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What to Use?
• TensorFlow is a safe bet for most projects. Not perfect but has huge 

community, wide usage. Maybe pair with high-level wrapper (Keras, 
Sonnet, etc) 

• PyTorch is best for research. However still new, there can be rough 
patches. 

• Use TensorFlow for one graph over many machines
Consider Caffe, Caffe2, or TensorFlow for production deployment 

• Consider TensorFlow or Caffe2 for mobile 

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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DEEP LEARNING
PERFORMANCE OPTIMIZATIONS

credits: 
cs231n.stanford.edu, Song Han



www.cwi.nl/~boncz/bads

ML models are getting larger

credits: 
cs231n.stanford.edu, Song Han
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First Challenge: Model Size

credits: 
cs231n.stanford.edu, Song Han
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Second Challenge: Energy Efficiency

credits: 
cs231n.stanford.edu, Song Han
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Third Challenge: Training Speed

credits: 
cs231n.stanford.edu, Song Han
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Hardware Basics

credits: 
cs231n.stanford.edu, Song Han
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• iPhone 8 with A11 chip

only on-chip FPGA missing (will come in time..)

Special hardware? It’s in your pocket..

6 CPU cores: 
2 powerful 
4 energy-efficient

Apple GPU

Apple TPU
(deep learning ASIC)
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Hardware Basics: Number Representation

credits: 
cs231n.stanford.edu, Song Han
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Hardware Basics: Number Representation

credits: 
cs231n.stanford.edu, Song Han
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Hardware Basics: Memory = Energy
larger model è more memory references è more energy consumed

credits: 
cs231n.stanford.edu, Song Han
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Pruning Neural Networks

credits: 
cs231n.stanford.edu, Song Han
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Pruning Neural Networks

• Learning both Weights and Connections for Efficient Neural Networks, 
Han, Pool, Tran Dally, NIPS2015

credits: 
cs231n.stanford.edu, Song Han



www.cwi.nl/~boncz/bads

Pruning Changes the Weight Distribution

credits: 
cs231n.stanford.edu, Song Han
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Pruning Happens in the Human Brain

credits: 
cs231n.stanford.edu, Song Han
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Trained Quantization

credits: 
cs231n.stanford.edu, Song Han
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Trained Quantization

credits: 
cs231n.stanford.edu, Song Han
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Trained Quantization: Before 
• Continuous weight distribution

credits: 
cs231n.stanford.edu, Song Han



www.cwi.nl/~boncz/bads

Trained Quantization: After
• Discrete weight distribution

credits: 
cs231n.stanford.edu, Song Han
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Trained Quantization: How Many Bits?

• Deep Compression: compressing deep neural networks with pruning, 
trained quantization and Huffman coding, Han, Moa, Dally, ICLR2016

credits: 
cs231n.stanford.edu, Song Han
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Quantization to Fixed Point Decimals (=Ints)

credits: 
cs231n.stanford.edu, Song Han
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Hardware Basics: Number Representation

credits: 
cs231n.stanford.edu, Song Han
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Mixed Precision Training

credits: 
cs231n.stanford.edu, Song Han



www.cwi.nl/~boncz/bads

Mixed Precision Training

credits: 
cs231n.stanford.edu, Song Han
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DEEP LEARNING
HARDWARE

credits: 
cs231n.stanford.edu, Song Han
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The end of CPU scaling
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CPUs for Training - SIMD to the rescue?

credits: 
cs231n.stanford.edu, Song Han
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CPUs for Training - SIMD to the rescue?
4 scalar instructions 1 SIMD instruction
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CPU vs GPU

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung

“ALU”: arithmetic logic unit (implements +, *, - etc. instructions)

CPU: A lot of chip 
surface for cache 
memory and control

GPU: almost all chip 
surface for ALUs
(compute power)

GPU cards have their own memory chips: smaller but nearby and faster than system memory
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Programming GPUs
• CUDA (NVIDIA only)

– Write C-like code that runs directly on the GPU
– Higher-level APIs: cuBLAS, cuFFT, cuDNN, etc

• OpenCL
– Similar to CUDA, but runs on anything
– Usually slower :( 

All major deep learning libraries (TensorFlow, PyTorch, MXNET, etc) support 
training and model evaluation on GPUs.

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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CPU vs GPU: performance

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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CPU - GPU: communication

credits: 
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung
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GPUs for Training

credits: 
cs231n.stanford.edu, Song Han
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GPUs for Training

credits: 
cs231n.stanford.edu, Song Han
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New in Volta: Tensor Core

credits: 
cs231n.stanford.edu, Song Han
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Volta Chip Area

credits: 
cs231n.stanford.edu, Song Han
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GPU evolution

credits: 
cs231n.stanford.edu, Song Han

fast memory,
sits on top of 
the GPU chip 

big jump in 
ML speed
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Pascal vs Volta

credits: 
cs231n.stanford.edu, Song Han
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Pascal vs Volta

credits: 
cs231n.stanford.edu, Song Han
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TensorFlow Processing Unit (TPU) 2015

credits: 
cs231n.stanford.edu, Song Han
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TPU Architecture

credits: 
cs231n.stanford.edu, Song Han
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GPU vs TPU

credits: 
cs231n.stanford.edu, Song Han
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Google Cloud TPU (v2 2017)

• Cloud TPU delivers up to 180 teraflops to train and run machine learning 
models. 

— Google Blog
credits: 
cs231n.stanford.edu, Song Han
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Google Cloud TPU (v2 2017)
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Google TPU pods

• A “TPU pod” built with 64 second-generation TPUs delivers up to 11.5 
petaflops of machine learning acceleration. 

• “One of our new large-scale translation models used to take a full day to 
train on 32 of the best commercially-available GPUs—now it trains to the 
same accuracy in an afternoon using just one eighth of a TPU pod.”

— Google Blog
credits: 
cs231n.stanford.edu, Song Han
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Google Cloud TPU (v3 2018)

• 2x denser pods 4Uà2U
• 2x more matrix units per TPU
• 2x more powerful (v3) matrix units 
è 8x more powerful pods: 1000petaflop (=1”exaflop”..)

V2

V3
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DEEP LEARNING
PARALLEL TRAINING

credits: 
cs231n.stanford.edu, Song Han
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Data Parallel: run multiple inputs in parallel

• Doesn’t affect latency for one input
• Requires P-fold larger batch size (i.e. limited scaling only)
• For training requires coordinated weight update

credits: 
cs231n.stanford.edu, Song Han
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The Need to Exchange Weight-deltas

credits: 
cs231n.stanford.edu, Song Han
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Fully connected layers
• Parallelize by partitioning the weight matrix

requires communicating the activations

credits: 
cs231n.stanford.edu, Song Han
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Convolution layers: easier to parallelize
• by output region (needs some communication around convolution borders)

credits: 
cs231n.stanford.edu, Song Han
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Multi-GPU training
• Servers with up to 8 GPUs
• Direct GPU-GPU communication

– “NVLink” (2x150GB/s on Volta)
(compare to 2x10Gb/s~=2GB/s                      

Ethernet networks..)
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Paralellism in Tensorflow
• Multi-GPU (1 machine) training with normal TensorFlow

• Distributed TensorFlow: results for 1-8 machines (8-64 GPUs)
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Paralellism in Tensorflow
• Multi-GPU (1 machine) training with normal TensorFlow

• Distributed TensorFlow: results for 1-8 machines (8-64 GPUs)
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Recap Parallelism
• Lots of parallelism in DNNs 

– 16M independent multiplies in one FC layer 
– Limited by overhead to exploit a fraction of this 

• Hyper-parameter search parallelism (not discussed so far)
– Train multiple networks in parallel with different parameters

• Data parallel 
– Run multiple training examples in parallel 
– Limited by batch size 

• Model parallel
– Split model over multiple processors
– By layer 
– Conv layers by map region 
– Fully connected layers by output activation
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Summary: Deep Learning
..on Big Data, ..in the Cloud

• popular frameworks: TensorFlow, pyTorch, Caffe2, MXNET
• algorithmic optimizations è making networks smaller

– quantization, pruning, mixed-precision
• hardware for deep learning

– CPUs (SIMD), GPUs, TPUs
• parallel training: does deep learning scale?

– Trivially Distributed: Hyper-parameter search (e.g. tensorflow-on-spark)
– Multi-GPUs in one machine (P2P GPU communications - NVLink)
– Distributed TensorFlow?


