Big Data for Data Science

Scalable Machine Learning

credits:
Matei Zaharia & Xiangrui Meng www.cwi.nl/~boncz/bads
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SPARK MLLIB

www.cwi.nl/~boncz/bads




What 1s MLLIB?

MLlIlib is a Spark subproject providing machine learning primitives:
« initial contribution from AMPLab, UC Berkeley

 shipped with Spark since version 0.8

Spark

www.cwi.nl/~boncz/bads




What 1s 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)

Spark

www.cwi.nl/~boncz/bads
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Collaborative Filtering

« Recover a rating matrix from a

WR W W ? subset of its entries.

¥ Hhw | B
ieru e
HRRR ? w
2 L dr . L|nkedm amazon.com

? PARARA PAGA

)4

WWWW | WW ?

www.cwi.nl/~boncz/bads




| CL_-
Alternating Least Squares (ALS)
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Collaborative Filtering in Spark MLLIB

trainset =
sc.textFile("s3n://bads-music-dataset/train *.gz")
.map (lambda 1: 1l.split('\t'))
.map (lambda 1: Rating(int(1[0]), int(1[1]), int(1[2])))

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

testset = # load testing set
sc.textFile("s3n://bads-music-dataset/test *.gz")
.map (lambda 1: l.split('\t'))

.map (lambda 1: Rating(int(1[0]), int(1[1]), int(1[2])))

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

model .predictAll (testset.map(lambda p: (p[0], p[1]1)))
.map(lambda r: ((r[O0], r[1l]), r[2]))

www.cwi.nl/~boncz/bads




Spark MLLIB — ALS Performance

Wall-clock /me (seconds)

Matlab 15443
Mahout 4206
GraphLab 291
MLIib 481

» Dataset: Netflix data

 Cluster: 9 machines.

« MLIib is an order of magnitude faster than Mahout.
* MLlIib is within factor of 2 of GraphLab.

www.cwi.nl/~boncz/bads
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Spark Implementation of ALS

Master

Workers

Workers load data

Models are instantiated
at workers.

At each iteration, models
are shared via join
between workers.

Good scalability.

Works on large datasets

www.cwi.nl/~boncz/bads




Spark SQL + MLLIB

// Data can easily be extracted from existing sources,
// such as Apache Hive.
val trainingTable = sql ("""
SELECT e.action,
u.age,
u.latitude,
u.longitude
FROM Users u
JOIN Events e
ON u.userId = e.userId""")

// Since ‘sql‘' returns an RDD, the results of the above
// query can be easily used in ML1lib.
val training = trainingTable.map { row =>
val features = Vectors.dense(row(1), row(2), row(3))
LabeledPoint(row(®), features)

}

www.cwi.nl/~boncz/bads




MLLIB Pointers

 Website: hitp://spark.apache.org

e Tutorials: hitp://ampcamp.berkeley.edu

« Spark Summit: htip://spark-summit.org

* Github: https://github.com/apache/spark

* Mailing lists: user@spark.apache.org dev@spark.apache.org

Spark

www.cwi.nl/~boncz/bads




A SHORT INTRODUCTION TO
NEURAL NETWORKS

credits: _ ]
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads




E Wiskunde & Informatica

Example: Image Recognition T —
@ T U’J

Weights i

Sl

Loss

—

AlexNet >§_
‘convolutional’ neural network TS

credits: g
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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Neural Nets - Basics

« Score function (linear, matrix)
« Activation function (normalize [0-1])

« Regularization function (penalize complex W)

f=Wz| |Li=>,., max(0,s; — sy +1)

/ @ (scores) - ?
R

g

L

R(W)

credits:
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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Neural Nets are Computational Graphs

« Score, Activation and Regularization together with a Loss function
1
example: flw,z) =

l4e —(wozg+wyz1+ws)

w0 2.00

x0 -1.00

100 A7\ 100 (N 037 /N 137 0.73
x1 -2.00

w2 -3.00

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

flz) =¢€" = % =g f(z) = é - % = —1/z?
fo(z) = az = %Ia f(z)=c+= — %:1
credits:

cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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Training the model: backpropagation

» backpropagate loss to the weights to be adjusted, proportional to a learning rate
1
example: flw,z) =

l1+e —(wozg+wy 1 +ws)

w0 2.00

1.00 @ -1.00 @ 0.37 O 137 0.73
p +1
Bt o2 053 C 1.00

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

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

df T
f(m) =€ — % =€
f - df B - Z )
| ) =am — E_a f(x)=c+=z — e
credits:

cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han) www.cwi.nl/~boncz/bads
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Training the model: backpropagation

» backpropagate loss to the weights to be adjusted, proportional to a learning
1
example: flw,z) =

l1+e —(wozg+wy 1 +ws)

w0 2.00

1.00 @ -1.00
N

137 C) 0.73
0.53 1.00

1*-0.53=-0.53

-0.53

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

% af .
= o &= °
af
. fa((I)) =4 4 — E =a
credits:

cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han) www.cwi.nl/~boncz/bads
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Training the model: backpropagation

» backpropagate loss to the weights to be adjusted, proportional to a learning

1

l1+e —(wozg+wy 1 +ws)

example: flw,z) =

w0 2.00

1.00 @ -1.00
N 020

e100%.0,53 =-0.20

137 C) 0.73
0.53 1.00

-0.53

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

Jalm) =0z - ——=a fz)=c+a -

credits:

df 2

df
5 =1

cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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Training the model: backpropagation

» backpropagate loss to the weights to be adjusted, proportional to a learning
1
example: flw,z) =

1 (wozg+wyz1+ws)

w0 2.00

0.73
1.00

0.20

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

f(z) =e” & % ac f(x) = é o % = —1/a*
fo(z) = az = j—iza f(z)=c+= s %:1
credits:

cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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Activation Functions

10

Sigmoid | Leaky ReLU
— ! max(0.1z, )
O-(ZL.) _ 14e—2
-10 © 1o _77 .
tanh Maxout
tnh(z) o[ max(e{e b ufotb)
RelL U ELU
max(0, x) z >0
’ ’ ae® —1) <0 - . o
Good default choice 10 10

credits:
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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Get going quickly: Transter Learning

1. Train on Imagenet

FC-4096
FC-4096

MaxPool

MaxPool

MaxPool

MaxPool

MaxPool

m
(2]
o

FC-4096
FC-4096

MaxPool

MaxPool

MaxPool

MaxPool

MaxPool

2. Small Dataset (C classes)

V\\

Reinitialize
this and train

> Freeze these

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

Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, “CNN Features Off-the-Shelf: An
Astounding Baseline for Recognition”, CVPR Workshops

2014

3. Bigger dataset

F
FC-4096
FC-4096

o
1)

— Train these

MaxPool

Conv-512

MaxPool

MaxPool

MaxPool

MaxPool

|

www.cwi.nl/~boncz/bads

\

With bigger
dataset, train
more layers

> Freeze these

Lower learning rate
when finetuning;
1/10 of original LR
is good starting

} point
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Neural Network Architecture

4096-d f(x) = max(0,x) 4096-d . . ..
input vector " (elementwise) output vector * (mini) batch-wise training

* matrix calculations galore

credits:
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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DEEP LEARNING
SOFTWARE

credits:
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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credits:

Deep Learning Frameworks

Caffe => Caffe2
(UC Berkeley) (Facebook)
Torch =>. PyTorch

(NYU/Facebook) (Facebook)

Theano =» TensorFlow

(Univ. Montreal) (Google)

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

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

Paddle
(Baidu)

CNTK
(Microsoft)

MXNET

(Amazon)

www.cwi.nl/~boncz/bads
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Deep Learning Frameworks

Numpy

import numpy as np
np.random.seed(0)

N, D= 3,

4

X = np.random.randn(N, D)

y
z

a
b

c = np.

=x!’y
a+ z

np.random.randn(N, D)
= np.random.randn(N, D)

sum(b)

grad c =

grad_b
grad a
grad_z
grad x
grad_y

Il

1.0

grad_c * np.ones((N, D))
grad_b.copy()
grad_b.copy()

grad a * y

grad a * x

..have to compute
gradients by hand..

No GPU support

credits:

TensorFlow

import numpy as np
np.random.seed(0)
import tensorflow as tf

N, D=3, 4

with tf
X

Yy
z

a
b
c

grad_x,

with tf.

.device('/gpu:0'):

tf.placeholder(tf.float32)
tf.placeholder(tf.float32)
tf.placeholder(tf.float32)

X *y
a+t+z
tf.reduce_sum(b)

grad_y, grad_z = tf.gradients(c, [x, y, Z])

Session() as sess:

values = {

}

out

X: np.random.randn(N, D),
y: np.random.randn(N, D),
z: np.random.randn(N, D),

= sess.run([c, grad _x, grad y, grad z],
feed_dict=values)

c_val, grad_x val, grad y val, grad _z_val = out

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

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

PyTorch

import torch
from torch.autograd import Variable

N, D=3, 4

x = Variable(torch.randn(N, D).cuda(),
requires_grad=True)

y = Variable(torch.randn(N, D).cuda(),
requires_grad=True)

z = Variable(torch.randn(N, D).cuda(),
requires_grad=True)

a=x*y

b=a+2

¢ = torch.sum(b)

c.backward()
print(x.grad.data)

print(y.grad.data)
print(z.grad.data)

..similar to TensorFlow

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

www.cwi.nl/~boncz/bads
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TensorFlow: TensorBoard GUI

Add logging to code to record loss, stats, etc
Run server and get pretty graphs!

TensorBoard

Regex filter X loss
|:| Split on underscores loss
[] Data download links

120
Horizontal Axis 80.0

40.0

STEP RELATIVE WALL
0.00
0.000 20.00 40.00 60.00 80.00 100.0

Runs
.

credits:
cs23 1n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung

w1

wi

0.0600
0.0400
0.0200
0.00
-0.0200
-0.0400
-0.0600

w2

w2

0.500
0.300

0.100

-0.100

www.cwi.nl/~boncz/bads
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Higher Levels of Abstraction

Keras: High-Level
Wrapper

from keras.models import Sequential
from keras.layers.core import Dense, Activation
from keras.optimizers import SGD

N, D, H = 64, 1000, 100
(13 !
eras is a layer on top o model = Sequential()
K s a lay top of formulas “by name
model.add(Dense(input dim put dim=H))
TgnsorFIow, makes common o 0l
things easy to do model. , outplit dim=D))

(Also supports Theano
backend)

model

optimizer
.compi

D(1r=1e0
optimizer=optimizer)=Stochastic

— gradient

X = np.random.randn(N, D)
y = np.random.randn(N, D) descent
history = model.fit(x, y, nb epoch=50,

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

batch size=N, verbose=0)

batch size=N, verbose=0)

www.cwi.nl/~boncz/bads
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Static vs Dynamic Graphs

TensorFlow: Build graph once, then
run many times (static)

N, D, H = 64, 1000, 100 \\
X = tf.placeholder(tf.float32, shape=(N, D))

y = tf.placeholder(tf.float32, shape=(N, D))

wl = tf.Variable(tf.random normal((D, H)))

w2 = tf.variable(tf.random normal((H, D)))

h = tf.maximum(tf.matmul(x, wl), 0) E3 .I
y_pred = tf.matmul(h, w2) uild
diff = y pred - y graph

loss = tf.reduce_mean(tf.reduce_sum(diff ** 2, axis=1))
grad wl, grad w2 = tf.gradients(loss, [wl, w2])

learning rate = le-5

new wl = wl.assign(wl - learning rate * grad wl)
new w2 = w2.assign(w2 - learning rate * grad w2)
updates = tf.group(new_wl, new w2) ’/

with tf.Session() as sess:
sess.run(tf.global variables initializer())
values = {x: np.random.randn(N, D),
y: np.random.randn(N, D),}

losses = []
for t in range(50): Run eaCh
loss_val, _ = sess.run([loss, updates], iteration
feed dict=values)
credits:

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

PyTorch: Each forward pass defines
a new graph (dynamic)

import torch
from torch.autograd import Variable

N, D_in, H, D_out = 64, 1000, 100, 10

X Variable(torch.randn(N, D_in), requires_grad=False)

y Variable(torch.randn(N, D_out), requires_grad=False)
wl = Variable(torch.randn(D_in, H), requires_ grad=True)

w2 = Variable(torch.randn(H, D_out), requires_grad=True)

learning rate = le-6

for t in range(500):

(” y_pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

if wl.grad: wl.grad.data.zero_ ()
if w2.grad: w2.grad.data.zero ()
loss.backward()

wl.data -= learning rate * wl.grad.data
\\_ w2.data -= learning rate * w2.grad.data

New graph each iteration

www.cwi.nl/~boncz/bads
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Static vs Dynamic: optimization

With static graphs, The graph you wrote  Equivalent graph with

];rla);?:l\;vzoe”:hcean Conv fused operations
graph for you RelU _ Conv+RelU |
before it runs! Conv Conv+RelLU
RelLU y | Conv+RelU
Conv
Y RelLU

credits:
cs23In.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han) www.cwi.nl/~boncz/bads
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Static vs Dynamic: serialization

serialization = create a runnable program from the trained network

Static Dynamic

Once graph is built, can Graph building and execution
serialize it and run it are intertwined, so always
without the code that need to keep code around

built the graph!

credits:

cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung, Song Han) www.cwi.nl/~boncz/bads
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Static vs Dynamic:

wl*x ifz>0
w2 * X otherwise

<
I

PyTorch: Normal Python
N, D, H= 3, 4, 5
X = Variable(torch.randn(N, D))

wl = Variable(torch.randn(D, H))
w2 = Variable(torch.randn(D, H))

z = 10
2EZ >0

y = x.mm(wl)
else:

y = Xx.mm(w2)

credits:

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

conditionals, loops

TensorFlow: Special TF

control flow operator!
N, D, H = 3, 4, L

x = tf.placeholder(tf.float32, shape=(N, D))
z = tf.placeholder(tf.float32, shape=None)

wl = tf.placeholder(tf.float32, shape=(D, H))
w2 = tf.placeholder(tf.float32, shape=(D, H))

def fl(): return tf.matmul(x, wl)
def f2(): return tf.matmul(x, w2)
—»y = tf.cond(tf.less(z, 0), £f1, £2)

with tf.Session() as sess:
values = {
X: np.random.randn(N, D),
A0 A0
wl: np.random.randn(D, H),
w2: np.random.randn(D, H),
}

y_val = sess.run(y, feed dict=values)

www.cwi.nl/~boncz/bads




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 www.cwi.nl/~boncz/bads




DEEP LEARNING
PERFORMANCE OPTIMIZATIONS

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




E Centrum Wiskunde & Informatica

ML models are getting larger

IMAGE RECOGNITION

16X

Model

152 layers

22.6 GFLOP
~3.5% error

8 layers

1.4 GFLOP
~16% Error

2012 2015
AlexNet ResNet

Microsoft

credits:
cs231n.stanford.edu, Song Han

SPEECH RECOGNITION

10X

Training Ops
465 GFLOP
12,000 hrs of Data
~5% Error
80 GFLOP
7,000 hrs of Data
~8% Error
2014 2015
Deep Speech 1 Deep Speech 2
Baidu

www.cwi.nl/~boncz/bads
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First Challenge: Model Size

Hard to distribute large models through over-the-air update

credits:
cs231n.stanford.edu, Song Han

This item is over 1T00MB.

Microsoft Excel will not download
until you connect to Wi-Fi.

Cancel OK

www.cwi.nl/~boncz/bads




Second Challenge: Energy Efficiency

o e

9@ e AlphaGo: 1920 CPUs and 280 GPUs,
“ece’ $3000 electric bill per game

on mobile: drains battery
on data-center: increases TCO

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Third Challenge: Training Speed

Error rate Training time

ResNet18: 10.76% 2.5 days
ResNetd0: 7.02% 5 days
ResNet101: 6.21% 1 week
ResNet152: 6.16% 1.5 weeks

Such long training time limits ML researcher’s productivity

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Hardware Basics

Hardware
General Purpose® Specialized HW
CPU GPU FPGA ASIC
latency throughput programmable fixed
oriented oriented logic logic

* including GPGPU

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Special hardware? It’s 1n your pocket..

 iPhone 8 with A11 chip

6 CPU cores: Apple GPU

2 powerful
-efficient

Apple TPU
(deep learning ASIC)

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

www.cwi.nl/~boncz/bads
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Hardware Basics: Number Representation

1) x (1.M) x 2°

Range Accuracy
1 8 23
EP32 S E M 10-38 - 1038 .000006%
1 5 10
Fp1g e M 6x105-6x104  .05%
1 31
1 15
nt1e B M 0 - 6x10* 7
1 7
Fixed point R = ) )
f
radix point

Dally, High Performance Hardware for Machine Learning, NIPS’2015

credits:

www.cwi.nl/~boncz/bads

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

Relative Energy Cost Relative Area Cost
Operation: Energy (pJ) Area (um?2)
8b Add 0.03 36
16b Add 005 | 67
32b Add 0.1 —
16b FP Add o4 |
32b FP Add oo (N
8b Mult 02 |
32b Mult 3.1
16b FP Mult 1.1
32b FP Mult 3.7
32b SRAM Read (8KB) 5 N/A
32b DRAM Read 640 a N/A

1000 10000 1 10 100 1000

Energy numbers are from Mark Horowitz “Computing’s Energy Problem (and what we can do about it)”, ISSCC 2014

Area numbers are from synthesized result using Design Compiler under TSMC 45nm tech node. FP units used DesignWare Library.

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Hardware Basics: Memory = Energy

larger model = more memory references =» more energy consumed

Operation Energy [pJ] Relative Energy Cost
32 bit int ADD 0.1

32 bit float ADD 0.9

32 bit Register File |

32 bit int MULT 3.1

32 bit float MULT 3.7

32 bit SRAM Cache 5

32 bit DRAM Memor 640

1 10 100 1000 10000

1

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Pruning Neural Networks

before pruning after pruning

pruning
synapses

pruning
-——
neurons

[Lecun et al. NIPS’89]
[Han et al. NIPS’15]

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Pruning Neural Networks

s

.

Train Connectivity

~

J

z

e

.

Prune Connections

~

J

z

Ve

Train Weights

N

Accuracy Loss

© Pruning © Pruning+Retraining @ lterative Pruning and Retraining

0.5%

0.0%=
-0.5%
-1.0%
-1.5%
-2.0%
-2.5%
-3.0%
-3.5%
-4.0%

-4.5%

40% 50% 60% 70% 80% 90% 100%

Parameters Pruned Away

 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

Before Pruning

After Pruning After Retraining
1.0 {€4 1.0 Jle4 10 Jed
0.8 - 0.8 - 0.8 4
. 061 0.6 - 0.6 -
c h— —
3 = =
o 3 S
0.4 - 0.4 - 0.4 -
0.2 - 0.2 - 0.2
0.0 - - 0.0 . 0.0 - -
-0.10 -0.05 000 005 0.10 -0.10 -0.05 0.00 005 0.10 -0.10 -0.05 0.00 005 0.10
Weight Value Weight Value Weight Value

Conv5 layer of Alexnet. Representative for other network layers as well.

credits:

cs231n.stanford.edu, Song Han

www.cwi.nl/~boncz/bads
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Pruning Happens in the Human Brain
1000 Trillion

Synapses \
500 Trillion

Synapses

This image is in the public domain This image is in the public domain

1 year old Adolescent

credits: Christopher A Walsh. Peter Huttenlocher (1931-2013). Nature, 502(7470):172-172, 2013.

cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Trained Quantization

[Cluster the Weights

2.09 : 1 87 |Generate Code Book

.

p
‘ Quantize the Weight
W|th Code Book
2
2.0 a
—/

Retrain Code Book

J
f ]

.

m 8x less memory footprint

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Trained Quantization

weights cluster index
(32 bit float) (2 bit uint)
3 0 2
cluster 1 1 0
I:> 0 3 1
3 1 2

credits:
cs231n.stanford.edu, Song Han

centroids

3:

www.cwi.nl/~boncz/bads
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Trained Quantization: Before

« Continuous weight distribution

5 1le3

Count

0 - ;
-0.10 -0.05 0.00 0.05 0.10

credits: Weight Value

cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Trained Quantization: After

« Discrete weight distribution

3 184 1 1 1
2
c
-
@
@)
1 4
. | ‘ | 1 | |
-0.10 -0.05 0.00 0.05 0.10
credits: Welght Value

cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Trained Quantization: How Many Bits?

“ top5, quantized only < top5, pruned + quantized 4 top5, quantized only < top5, pruned + quantized
* top1, quantized only < top1, pruned + quantized “ top1, quantized only < top1, pruned + quantized

85% o - o—0 85% —

68% yi 68% : ° °
> /' 1 S N 0 >N [ P P . . ‘
g 51% AT S st AT - : - -
p— ) f ©
= 1 -1 ]

S 34% : Q 34% ;
1

< ' g :

17% : 17% )/

]

- 1

@ Sbits  6bits  7bits  8bits 1bit @ 3bits 4bits 5Sbits 6bits 7bits  8bits
Number of bits per effective weight in all Number of bits per effective weight in all
Conv layers FC layers

0%

1bit  2bits 3bits

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

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Quantization to Fixed Point Decimals (=Ints)
( Input images ] [ CNN model J

X
Weight quantization phase
Weight dynamic range analysis
F7\_‘ | * Train with float
= LA * Quantizing the weight and
Weight quantization configuration aCtlvatlon :
— - » Gather the statistics for
Data quantization phase . . .
Fixed-point CNN model Floating-point CNN model Welg ht and aCtlvatlon
! ! » Choose proper radix point
—> I Fea'uriDmy?\‘:r’nic ra‘nge analysis and fi:::i:ug,f — I e pOSItlon
*  optimal quantization strategy =~ ® H _ .
e ] ] Fine-tune in float format
o] ] « Convert to fixed-point format
M
[ Weight and data quantization configuration )

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Hardware Basics: Number Representation

Relative Energy Cost Relative Area Cost
Operation: Energy (pJ) Area (um?2)
8b Add 0.03 36
16b Add 005 | 67
32b Add 0.1 —
16b FP Add o4 |
32b FP Add oo (N
8b Mult 02 |
32b Mult 3.1
16b FP Mult 1.1
32b FP Mult 3.7
32b SRAM Read (8KB) 5 N/A
32b DRAM Read 640 a N/A

1000 10000 1 10 100 1000

Energy numbers are from Mark Horowitz “Computing’s Energy Problem (and what we can do about it)”, ISSCC 2014

Area numbers are from synthesized result using Design Compiler under TSMC 45nm tech node. FP units used DesignWare Library.

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Mixed Precision Training

Sum with
FP16 Full precision FP32 Convert to
storage/input product accumulator FP32 result

more products

b

.
>

o
>

Fi6—— ‘
Fe—

!
1)

https://devblogs.nvidia.com/parallelforall/cuda-9-features-revealed/

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Mixed Precision Training

F16
w15

W (F16) ————> 6 FWD 85 Acty
Actv 195

F16
Actv Grad <16 BWD-A F16 b
«— Actv Grad
W Grad F16 <16 Acty
BWD-W | 46
le——— Actv Grad

F16

N

Master-W (F32) F32 { Weight Update JL Updated Master-W

Boris Ginsburg, Sergei Nikolaev, Paulius Micikevicius, “Training with mixed precision”, NVIDIA GTC 2017

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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DEEP LEARNING
HARDWARE

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




The end of CPU scaling

10’

10° |

10° |

10°

Transistors
(thousands)

Single-thread
Performance |
(SpecINT)

Frequency
(MH2z)

Typical Power
(Watts)

Number of

1975 1980 1985 1990 1995 2000 2005 2010 2015

Original data collected and plotied by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond and C. Batten

Dotted line extrapolations by C. Moore

www.cwi.nl/~boncz/bads
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CPUs for Training - SIMD to the rescue?
Intel Knights Landing (2016)

« 7 TFLOPS FP32

16GB MCDRAM- 400 GB/s

y BM:

High
« 245W TDP

. 29 GFLOPS/W (FP32)

* 14nm process

Knights Mill: next gen Xeon Phi “optimized for deep learning”

Intel announced the addition of new vector instructions for deep learning
(AVX512-4VNNIW and AVX512-4FMAPS), October 2016

Slide Source: Sze et al Survey of DNN Hardware, MICRO’16 Tutorial.
credits: Image Source: Intel, Data Source: Next Platform

cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




CPUs for Training - SIMD to the rescue?

4 scalar instructions 1 SIMD instruction
- 512b
al+]8] = w = = SIMD
) I 256b
T ™ L]
a] e - el . %
N[l L K

L] . Pa re Core Core Core Core Core Xeon o™ Core

(Camaen, Dot (Wilametie, (Prescott.  (Merom, Pereyn.  (Nehalerm, (Sardy PUusmet.,  (Krwghty (Shy Lake)
W e 2000) 2004) 2006) 2007) 2008) bq‘- 0 Larang)
201%)

www.cwi.nl/~boncz/bads




CPU vs GPU

CPU
(Intel Core
i7-7700k)

CPU
(Intel Core
i7-6950X)

GPU
(NVIDIA
Titan Xp)

GPU
(NVIDIA
GTX 1070)

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

CPU: Alot of chip
surface for cache

ALU ALU

Control

ALU ALU

memory and control [BRAEEIIINT
CPU

# Cores Clock Speed A Memory

4

4.4 GHz

(8 threads with
hyperthreading
)

10

3.5 GHz

(20 threads

with

hyperthreading

3840

1920

1.6 GHz

1.68 GHz

Shared with system

Shared with system

12 GB GDDR5X

8 GB GDDR5

[

[]
|
|
|

[]
|
l

Price

$339

$1723

$1200

$399

|
|
|
]
|
|
|
]

[
|
|
|
|
|
|

GPU: almost all chip

|
x
|
x
1
x
“'surface for ALUs

RN (compute power)

GPU

CPU: Fewer cores,
but each core is
much faster and
much more
capable; great at
sequential tasks

GPU: More cores,
but each core is
much slower and
“dumber”; great for
parallel tasks

GPU cards have their own memory chips: smaller but nearby and faster than system memory

credits:

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

www.cwi.nl/~boncz/bads




Programming GPUs

« CUDA (NVIDIA only)
— Write C-like code that runs directly on the GPU
— Higher-level APls: 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 www.cwi.nl/~boncz/bads




CPU vs GPU: performance

(CPU performance not well-optimized, a little unfair)

B intel E5-2620v3 M Pascal Titan X (no cuDNN) 8 Pascal Titan X (CuDNN 5.1)
24000

18000 \

66x
9x 71X 94x 76X

6000 l

VGG-16 VGG-19 ResNet-18 Res-Net-50 ResNet-200

16 Forward + Backward time (ms)

N

Data from https:/fgithub.com/jcjohnson/cnn-benchmarks

credits:
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads
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CPU - GPU: communication

Model
IS here

Data is here

If you aren’t careful, training can
bottleneck on reading data and
transferring to GPU!

e

1
¥’ ".
s
)
-~
(o)
«
vee
2
1s

)
NBERE
® o0

&

A

S ARV

Solutions:
- Read all data into RAM
- Use SSD instead of HDD
- Use multiple CPU threads
to prefetch data

credits:
cs231n.stanford.edu; Fei-Fei Li, Justin Johnson, Serena Yeung www.cwi.nl/~boncz/bads




GPUs for Training

Nvidia PASCAL GP100 (2016)

 10/20 TFLOPS FP32/FP16
« 16GB HBM - 750 GB/s

- 300W TDP

« 67 GFLOPS/W (FP16)

* 16nm process

« 160GB/s NV Link

Slide Source: Sze et al Survey of DNN Hardware, MICRQO’16 Tutorial.
Data Source: NVIDIA

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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GPUs for Training
Nvidia Volta GV100 (2017)

credits:
cs231n.stanford.edu, Song Han

Data Source: NVIDIA

- 15 FP32 TFLOPS

- 120 Tensor TFLOPS

- 16GB HBM2 @ 900GB/s
- 300W TDP

+ 12nm process

- 21B Transistors

-+ die size: 815 mm2

- 300GB/s NVLink

www.cwi.nl/~boncz/bads
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New 1n Volta: Tensor Core

D =

FP16 or FP32

FP16 or FP32

a new instruction that performs 4x4x4 FMA mixed-precision operations per clock
12X increase in throughput for the Volta V100 compared to the Pascal P100

https://devblogs.nvidia.com/parallelforall/cuda-9-features-revealed/

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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O ta lp re a Dispatch Unit (32 thread/cik) Dispatch Unit (32 threadiclk)

Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)
INT INT FP32 FP32 INT INT FPXR2 FPR2
INT INT  FP32 FP32 INT FP32 Fes2

The GV100 SM is partitioned ol | dlbdll |

INT T PR FPR yENSOR TENSOR e RIS tensor TENSOR

INT INT FP32 PPR2 CORE CORE NT P32 PR32 CORE CORE

into four processing blocks,
each with:

INT INT  FP32 FP32 INT FP32 FP32

INT FP32 FPI2 INT

« 8 FP64 Cores INT FPI2 FPR2 T P32 FPN2
+ 16 FP32 Cores I “1=1=1=1=1=-1=1=1
+ 16 INT32 Cores e

" bistctionCache |
* two of the new mixed-precision Warp Scheduler (32 threadici) Warp Scheduler (32 threadicik)

Dispatch Unit (32 thread/clk) Dispatch Unit (32 threadicik)

Tensor Cores for deep learning
a new LO instruction cache
one warp scheduler
One d‘SpatCh unlt INT FPI2 FP)2 FPé4 INT INT FPX2FPR2

TENSOR TENSOR Fres [N NT ENIEEN TENSOR TENSOR

a 64 KB Regqister File. wWr e e Fesd
CORE CORE CORE CORE

INT FPe4 INT INT

https://devblogs.nvidia.com/parallelforall/ wr e T W
cuda-9-features-revealed/ INT e T INT

INT FPeq INT INT

Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)

INT INT FP32 FPR2 FPé4 INT INT FPR2FPR2

INT FPI2 FPR2 FPea INT INT FPR2 FPR2

LEN v LD
ST sY

™ LDx LD LD SFU

ST st ST ST ST ST

[ 128KB L1 Data Cache / Shared Memory

Tex Tex Tex Tex

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




E Centrum Wiskunde & Informatica

GPU evolution

Tesla Product Tesla K40 Tesla M40 Tesla P100 Tesla V100

GPU GK110 (Kepler) GM200 (Maxwell) GP100 (Pascal) GV100 (Volta)
GPU Boost Clock 810/875 MHz 1114 MHz 1480 MHz 1455 MHz

Peak FP32 TFLOP/s* 5.04 6.8 10.6 15

Peak Tensor Core - - - big jump in
TFLOP/s* ML speed

Memory Interface 384-bit GDDR5 384-bit GDDR5 | 4096-bit HBM2 4096-bit HBM2
fast memory,

Memory Size Upto 12 GB Up to 24 GB 16 GB 16 GB sits on top of
the GPU chip

TDP 235 Watts 250 Watts 300 Watts 300 Watts

Transistors 7.1 billion 8 billion 15.3 billion 21.1 billion

GPU Die Size 551 mm?2 601 mm?2 610 mm?2 815 mm?2

Manufacturing 28 nm 28 nm 16 nm FinFET+ 12 nm FFN

Process

dit https://devblogs.nvidia.com/parallelforall/cuda-9-features-revealed/
credits:

cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Pascal vs Volta

cuBLAS Mixed Precision (FP16 Input, FP32 compute)

® p100 (CUDA 8)
M V100 Tensor Cores (CUDA 9) T
I 9.3
512 2048 4096

1024
Matrix Size (M=N=K)

10

N 0w

()]

Relative Performance
s N w P W

o

Tesla V100 Tensor Cores and CUDA 9 deliver up to 9x higher performance for GEMM operations.

https://devblogs.nvidia.com/parallelforall/cuda-9-features-revealed/
credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Pascal vs Volta

ResNet-50 Inference

ResNet-50 Training TensorRT - 7ms Latency
700 6000
2.4x faster 3.7x faster
< 600 o 5000
S 500 S
b1 & 4000
C 400 e
[} L 3000
o 300 Q
g a 2000
@ 200 o
L= 5% E 1000
0 0
P100 V100 P100 V100
FP32 Tensor Cores FP16 Tensor Cores
Left: Tesla V100 trains the ResNet-50 deep neural network 2.4x faster than Tesla P100.
Right: Given a target latency per image of 7ms, Tesla V100 is able to perform inference using the
ResNet-50 deep neural network 3.7x faster than Tesla P100.
https://devblogs.nvidia.com/parallelforall/cuda-9-features-revealed/
credits:

cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




TensorFlow Processing Unit (TPU) 2015

TPU Card to replace a disk

Up to 4 cards / server

David Patterson and the Google TPU Team, In-Data Center Performance Analysis of a Tensor Processing Unit

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




TPU Architecture

e The Matrix Unit: 65,536 (256x256) _ _
8-bit multiply-accumulate units TPU: H |gh—level Chi P

e 700 MHz clock rate .
e Peak: 92T operations/second Architecture

o 65536*2*700M
e >25X as many MACs vs GPU B B o Mﬁm
e >100X as many MACs vs CPU ) =T
e 4 MiB of on-chip Accumulator
memory e i
e 24 MiB of on-chip Unified Buffer, .o, [28 . co| ¢ sy sl | ot ™
(activation memory) R = § s | |
e 3.5X as much on-chip memory g mwen]
vs GPU
e Two 2133MHz DDR3 DRAM 167 GiBls
channels e 9
e 8GiB of off-chip weight DRAM  |Qoweer ||| _-_
memory B conrl

Not to Scale

David Patterson and the Google TPU Team, In-Data Center Performance Analysis of a Tensor Processing Unit

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




GPU vs TPU

K80
2012
nferencesSes o 2 2
Training TOPS | 6 FP32 NA 12 FP32
Inference TOPS 6 FP32 90 INT8 48 INT8
On-chip Memory | 16 MB 24 MB 11 MB
Power | 300W 75W 250W
Bandwidth 320 GB/S 34 GB/S 350 GB/S

https://blogs.nvidia.com/blog/2017/04/10/ai-drives-rise-accelerated-computing-datacenter/

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




Google Cloud TPU (v2 2017)

eolew 99999 |l

0

ééééé 06666

mwmn

ll,
®

66666 \5
rr

* Cloud TPU delivers up to 180 teraflops to train and run machine learning
models.
— Google Blog

credits:
cs231n.stanford.edu, Song Han

www.cwi.nl/~boncz/bads




Google Cloud TPU (v2 2017)

A Brief Guide to Floating Point Formats

fp32: Single-precision IEEE Floating Point Format Range: ~1e™** to ~3e*

Exponent: 8 bits Mantissa (Significand): 23 bits

BN e ¢ e e e

fp16: Half-precision IEEE Floating Point Format Range: ~5.96e"® to 65504
Exponent: 5 bits Mantissa (Significand). 10 bits
- T )
bfloat16: Brain Floating Point Format Range: ~1e”*" to ~3e**
Exponent: 8 bits ) Mantissa (Significand): 7 bits

Blc = ccc e e e [MTMTMTMT MW #1010

www.cwi.nl/~boncz/bads
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* 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 www.cwi.nl/~boncz/bads




GoogleCloud TPU (v3 2018)

- A 8

i P ,_f_'a__‘._‘_x_; ey |
' “““—E;II :ﬂ‘-‘-';;ig_-!l [

i 1) (EEEER —H

-

PRI FH STy

TPUV2 TPUV3
Announced May-17 May-18
B Access Internal-Only Service Beta Undisclosed
Introduction 2015 Feb 2018 Undisclosed
Pods: TPUV2 (top) and TPUV3 (bottom) Process 28nm 20nm est. 16/12nm est.
° 2X d enser pOdS 4U ezu Die Size ~300mm2 Undisclosed Undisclosed
TOPS 92/23 45 90
° 2X more matrlx unlts per TPU Matrix Input INT8/INT16 bfloat16 bfloat16
Memory 8GB DDR3 16GB HBM 32GB HBM
: . CPU Interface PCle 3.0x16 PCle 3.0x8 PCle 3.0 x8 est.
[ ]
2X more powe rfUI (V3) matrlx un ItS Power Consumption 40W 200-250W est. 200W est.

=>» 8x more powerful pods: 1000petaflop (=1"exaflop”..)

www.cwi.nl/~boncz/bads




DEEP LEARNING
PARALLEL TRAINING

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads




E Centrum Wiskunde & Informatica

Data Parallel: run multiple inputs in parallel

Ct: foat C3: 1. maps 16@10):150‘ £
: feature maps 1. maps 1
6@28x28 oy

|
| Full connection Gaussian connections

Subsampling Convolutions  Subsampling Full connection

|
| Full connection Gaussian connections

Subsampling Convolutions  Subsampling Full connection

« 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 www.cwi.nl/~boncz/bads




The Need to Exchange Weight-deltas

Paxameter Server P =p+Ap

Uo000dd

A”// i H \
(O0) (Oo) 0O0) (Oo) (O0) (Oo)
Model! |\O0)\00 00)(o0) 00/{o0)
WorkeI'S DD KDD\ fl:":,\ DD (DD\ KDD\
J \DD) LDD) kDD)

mE BB

Large Scale Distributed Deep Networks, Jeff Dean et al., 2013

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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Fully connected layers

 Parallelize by partitioning the weight matrix

. hidden layer 1 hidden layver 2 hidden laver 3
input layer

output layer

weight matrix

requires communicating the activations

=1
g

-

~
Q

O

=2
<

Q)

=
o

-

credits:
cs231n.stanford.edu, Song Han
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Convolution layers: easier to parallelize

* by output region (needs some communication around convolution borders)

Kernels
Multiple 3D

6D Loop
Forall output map |
For each input map k
For each pixel x,y
For each kernel element u,v
Byyj += Apcuyy-vk X Kuvk Input maps Output maps

A B

xyk Xyj

credits:
cs231n.stanford.edu, Song Han www.cwi.nl/~boncz/bads
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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..)
P3 instances are the latest generation of general purpose GPU
instances.
Features:

e Up to 8 NVIDIA Tesla V100 GPUs, each pairing 5,120 CUDA
Cores and 640 Tensor Cores

e High frequency Intel Xeon E5-2686 v4 (Broadwell)
processors

e Supports NVLink for peer-to-peer GPU communication

e Provide Enhanced Networking using Elastic Network Adapter
with up to 25 Gbps of aggregate network bandwidth within
a Placement Group

Model

p3.2xlarge

p3.8xlarge

p3.16xlarge

GPUs

vCPU

32

64

. X
ERRRRRRMA VYV IN VY

T

Mem GPU Mem

(GiB) (GiB)

61 16 )
244 64 NVLink
488 128 NVLink

www.cwi.nl/~boncz/bads
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Paralellism in Tensorflow

¢ Multi-GPU (1 machine) training with normal TensorFlow
Training: NVIDIA® Tesla® K80 synthetic data (1,2,4, and 8 GPUs)

400
300

200

Images/sec

100

20

InceptionV3 VGG16 ResNet-50 Resnet-152

« Distributed TensorFlow: results for 1-8 machines (8-64 GPUs)

Training: NVIDIA® Tesla® K80 synthetic data (1,8,16,32, and 64)

3000 2744

Images/sec

1000

InceptionV3 ResNet-50 ResNet-152

www.cwi.nl/~boncz/bads
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Paralellism in Tensorflow

Options

InceptionV3

Batch size per GPU

Optimizer
Model

InceptionV3
ResNet-50
ResNet-152
AlexNet

VGG16

64

sgd
variable_update

parameter_server

ResNet-50 ResNet-152 AlexNet VGG16
64 32 512 32
sgd sgd sgd sgd

replicated (without NCCL)

replicated (without NCCL)

parameter_server

parameter_server

local_parameter_device
cpu
gpu
gpu

gpu

« Distributed TensorFlow: results for 1-8 machlnes (8-64 GPUs)

Training: NVIDIA® Tesla® K80 synthetic data (1,8,16,32, and 64)

3000

2000

Images/sec

1000

InceptionV3

ResNet-50

* InceptionV3: 8 instances / 6 parameter servers
2744

» ResNet-50: (batch size 32) 8 instances / 4 parameter servers

* ResNet-152: 8 instances / 4 parameter servers

ResNet-152 .
o www.cwi.nl/~boncz/bads
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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

www.cwi.nl/~boncz/bads
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Summary: Deep Learning

..on Big Data, ..in the Cloud

popular frameworks: TensorFlow, pyTorch, Caffe2, MXNET

algorithmic optimizations =» 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?

www.cwi.nl/~boncz/bads




