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GPU Computing Computer Graphics Artificial Intelligence



What is RAPIDS




RAPIDS is a set of open source libraries
for GPU accelerating data preparation
and machine learning.

0SS website:

RAPIDS: Rapid Accelerate Platform Integrated for Data Science



http://www.rapids.ai/

RAPIDS

GPU Accelerated End-to-End Data Science pipeline

WWWw. rapids.ai

> Visualization
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In GPU Memory
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Why RAPIDS




45,000

40,000

35,000

30,000

25,000

20,000

15,000

10,000

5,000

2014

2015

REALITIES OF DATA

Data Growth and Source in Exabytes

2016

B Enterprise Data

mVOIP

2017

Social Media & Web

2018

Sensor + Devices

2019

poday assaaun (8181 DT PUB D) :32IN0G

2020




WHAT IS TYPICAL DATASET SIZE
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WHAT % OF TIME IS DEVOTED TO

" Hltnm
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1. Data Visualization
2. Logistic Regression
3. Cross Validation

4. Decision Trees

2000 { -

5. Random Forests
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MOST USED DATA-FRAME METHODS
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RAPIDS Benefits




FASTER DATA SCIENCE WORKFLOW

Open Source, GPU-accelerated End-to-End Data Science

Manage Data Training Evaluate Deploy

All “ Structured Data_ Model
Data Visualization g Inference

Reduce Data Prep, Training
Times, Improve Models

Data Optimized ML Data
preparation / model visualization
wrangling training libraries
..II o100
0000
ﬁ 1 o1 1
»

cuDF cuML cuGRAPH




DATA PROCESSING EVOLUTION

Hadoop Processing, Reading from disk

ML Train

Spark In-Memory Processing 25-100x Improvement

Less code
Language flexible
Primarily In-Memory

GPU/Spark In-Memory Processing

5-10x Improvement

More code
HDFS GPU o' ) CPU JGPU Se CPU JGPU. ML Language rigid
Read Read < Ywritd]Read Write]Read Train Substantially on GPU

RAPIDS

50-100x Improvement
Same code
Language flexible
Train Primarily on GPU

d Query ETL

Rea



DAY IN THE LIFE OF A DATA SCIENTIST

DAY IN THE
LIFE OF A
DATA SCIENTIST

LEGEND

dataset collection
analysis

ETL

train

inference

Faster Data Access with Less Data Movement

v!

ol awhjother... @*+#! forgot to add a feature Find unexpected null values restart ETL
e aJcoffee / stored as string... \ train model
\ / restart ETL workflow / validate
: eh, forgot to add a feature oL

\ , test model
O _experiment with
optimizations
& repeat

—. start ETL
v workflow™
get a coffee

start ETL workflow
get a coffee ™\

— |

CPU
POWERED
WORKFLOW

switch to decaff conﬁguekﬁ-”‘ —
5 ‘
configue ETL workflow — |& workflow

POWERED
WORKFLOW

Find unexpected null values

dataset downloads™ \ stored as string...

overnight
dataset downloads

1 restart ETL workflow again overnight

go home
stay late on time



RAPIDS SW Stack




RAPIDS - SOFTWARE STACK

Execute end-to end data science and analytics pipelines on GPUs

l cuDF cuML cuGRAPH ‘

Visualization

Apache Arrow

A columnar, in-memory data structure that delivers
efficient and fast data interchange with flexibility

to support complex data models. DEEP LEARNING
FRAMEWORKS

CUDA

APACHE ARROW in GPU Memory



RAPIDS - SOFTWARE STACK

Execute end-to end data science and analytics pipelines on GPUs

l cuDF

Data Preparation —

A distributed computing project with:
Python interface, modular design, adaptability to IT
infrastructure (Kubernetes, YARN clusters).

RAPIDS can process data split across many GPUs in one
server, or many GPUs distributed across a cluster for

w[ scalability to support large datasets.

CUDA

APACHE ARROW in GPU Memory



RAPIDS - SOFTWARE STACK

Execute end-to end data science and analytics pipelines on GPUs

| cuDF cuDF
BTN ptnnt
A DataFrame manipulation library based on Apache

culO FOR CSV Arrow that accelerates loading, filtering, and
manipulation of data for model training data
preparation.

The Python bindings of the core-accelerated CUDA
DataFrame manipulation primitives mirror the

| CUDF <omusm PANdas interface for seamless onboarding of pandas
users

CUUVA

APACHE ARROW in GPU Memory




RAPIDS - SOFTWARE STACK

Execute end-to end data science and analytics pipelines on GPUs

l cuDF cuML cuGRAPH ‘

CUML
RAPIDS

A collection of GPU-accelerated machine
@ learning libraries that will provide

APACHE ARRcvroiro-mcrmory




RAPIDS - SOFTWARE STACK

Execute end-to end data science and analytics pipelines on GPUs

cuDF cuML cuGRAPH ‘

PYTHON

cuGRAPH
DEEP LEARNING

FRAMEWORKS

A framework and —
that seamlessly _cucrap | CUDNN

integrate into the RAPIDS data
science platform.

CUDA

AaraCcHE ARROW in GPU Memory




cuDF CODE EXAMPLES




PANDAS (CPU) VS CUDF (GPU) DATAFRAME

Code comparison

o 1 import pandas as pd; print('Pandas Version:', pd. version_ ) [ ] 1 |import cudf; print(’'cuDF Version:', cudf.__version__)
4 # here we create a Pandas DataFrame with 4 # here we create a cuDF DataFrame with
5 # two columns named “"key" and "value" 5 ditwe—columne—pamed—key " and "ualug”
6 df = pd.DataFrame() 6 |df = cudf.DataFrame() ## GPU
7 df[:key']'= (e, 8, 2, 2, 3] o i 7 eyt
& df['value’] = [float(i + 10) for 1 in range(5)] 8 df['value'] = [float(i + 18) for i in range(5)]
S print(df) g print(df)
[» Pandas Version: ©.24.2 [» cuDF Version: ©.8.0a1+201.gcd2aldd.dirty
key wvalue key wvalue
8 8 1e.@ P a 10.0
2 2 12.@ 2 2 12.0
3 2 1z.@ 3 2 13.8
4 3 14.@ a 3 14.0
1 aggregation = df['value’].sum(} . = : .
. : : 1 aggregation = df['value’].sum()]
SRR ERREE R ° 2 print{aggregation)
> c8.8

[»> 60.9




DATA LOADING FROM FILE

oSV files cuDF code example

>

import nvstrings, nvcategory, cudf
import io, requests

# download CSV file from GitHub
url="https://github.com/plotly/datasets/raw/master/tips.csv”
content = requests.get(url).content.decode( utf-8")

o s L N S Wy L By )

# read C5V from memory
i|tips_df = cudf.read csv(io.5tringIO{content))
tips_df['tip_percentage'] = tips_df['tip']/tips_df[ 'total_bill']*1ee

Luw RN R 4

# display average tip by dining party size
print(tips df.groupby(’'size’).tip percentage.mean())

}
AN,

1 21.72928154872781
2 16.571919173482389
3 15.215685473711835
4 14.594988639351334
5 14.149548965142823
) 15.6229280720828379
Name: tip_percentage, dtype: floattd




LOADING DATA INTO A GPU DATAFRAME
cuDF code examples

Create an empty DataFrame, and add a column. Create a DataFrame with two columns.

import cudf import cudf

gdf = cudf.DataFrame({'a’:

print I;:g_rj'f'}

Load a CSV file into a GPU DataFrame. Use Pandas to load a CSV file, and copy its content into a GPU DF.
import cudf import pandas as pd
import cudf
path = '
pdf = pd.read csv(path, delimiter="';")
gdf = cudf.read csv(path, names=names, delimiter=';"', skipfooter=1) ity'] = pdf{'ﬁ
pdf[ 'date'] = pdf['date’

gdf = cudf.DataFrame.from_pandas(pdf)




WORKING WITH GPU DATAFRAMES

cuDF code examples

Return the first three rows as a new DataFrame. Row slicing with column selection.

print(gdf.loc[2:3, ['zipcode', 'year_ built']])
city zipcode price_per_m2 year_built population median_income date i

year_built
1977

1908

espoo 2100 5444.022222 1985 4332 26167 2018-09-06T60:00:00.000
espoo 2130 3768.0 1972 5983 29579 2018-08-20T00:00:00.000
espoo 2140 2770.9 1977 3689 29447 2018-12-19T60:00:00.000

dtype is now: floaté6d
Find the mean and standard deviation of a column.
print{gdf[ ‘population’'].mean())
print{gdf[ 'population’'].std())

Median incor

Median inc



QUERY, SORT, GROUP, JOIN, ...
cuDF code examples

Query the columns of a DataFrame with a boolean expression. Sort a column by its values.

query = gdf.query rear_built < ") gdf = gdf.sort_wvalues(by="population’
print{query.head(3)) print(gdf.head(3))

three_smallest = gdf.nsmallest(n=2, columns=['population’'])
print{three_smallest)

‘count'})

left = Eroupe d
r IEhT = CU d'F DataFrame ':. ‘zipc

n_left = left.se
in_right = right.set_
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# instantiate and fit model
linear_regression = LinearRegression()

L IV -1

# create new data and perform inference

Y
D00

Scikit-Learn Version: ©.21.1

1 plt.scatter(x, y_noisy, label="empirical data points") °
2 plt.plot(x, y, color="black’, label="true relationship")

-

4 plt.legend()

<matplotlib.legend.Legend at @x7fed5fbddefd:>

import sklearn; print('Scikit-Learn Version:®, sklearn.__version_ ) [1]
from sklearn.linear_model import LinearRegression

3 plt.plot(inputs, outputs, color="red", label="predicted relationship (cpu)")

RAPIDS - SCIKIT_LEARN

Regression: CPU vs GPU coding O et DataFrame(x: x, ' y._noisyl)

import cuml; print(’cuML Versien:', cuml._ version_ )}
from cuml.linear model impeort LinearRegression as LinearRegressionGPU

[s QUL R -TY ¥R

linear_regression.fit(np.expand_dims{x, 1), y)

# instantiate and fit model
linear_regression_gpu = LinearRegressionGPU()
linear_regression_gpu.fit(df[['x"]1], df['v']1)

[ cuML Version: @.8.0a+975.g75d2f78.dirty
<cuml.linear_model.linear_regression.linearRegression at @x7fed5fbl3548>

inputs = np.linspace(start=-5, stop=5, num=1888)
outputs = linear regression.predict(np.expand_dims(inputs, 1))

[1]

1 # create new data and perform jnference

[V %)

new_i
outputs_gpu

data_df = cudf.DataFrame({ inputs": inputs})

linear_regression_gpu.predict(new _data_df[["inputs']])

[V VWY S

LU Jp— true relationship
— predicted relationship (cpu)
40 @& empirical data points
20 '
]
=20
=40
[ ]

-60 [ ]

60

plt.
plt.
plt.
plt.
plt.

scatter(x, y_noisy, label="empirical data points’)

plot(x, y, color="black’, label="true relationship") !
plot({inputs, outputs, color="red", label="predicted relationship (cpu)}") i
plot(inputs, outputs_gpu.to_array(), color="green’, label="predicted relationship (gpu)’)
legend()

[ «<matplotlib.legend.lLegend at Ox7fed5fac2cfB>

= frue relationship
— predicted relationship (cpu)
—— predicted relationship (gpu)
® empirical data points

&
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CLUSTERING

Example

from matplotlib.colors import ListedColormap
import matplotlib.pyplot as plt

#matplotlib inline

from sklearn.datasets import make moons

X, v = make _moons(n_samples=int(led4), noise=8.85, random_ state=@)
print(X.shape)

(10000, 2)

Lt ol =

plt.scatter(X[:, 8], X[:, 1]}
plt.tight layout()
plt.show()
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DBSCAN

125 1
_ . O clusterl
° 1 %¥time| . 100 4 ® cluster2
2 from sklearn.cluster import DBSCAN
4 db = DBSCAN(eps=6.2, min_samples=2) 0.75 1
5|y db = db.fit predict(X)
050 1
[ CPU times: user 19 ms, sys: 6.7 ms, total: 283 ms 025 -
Wall time: 211 ms
0.00 1
-0.25 1
-0.50 1
-0.75

! B, -0.5 00 05 10 15 20
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RAPIDS

125
cluster 1
[ ] 1 import pandas as pd 100 1 e 2
2 import cudf
3 0.75 1
CUDF 4 ¥_df = pd.DataFrame({'fea®d'%i: X[:, i] for i1 in range(X.shape[1])})
5 X _gpu = cudf.DataFrame.from_pandas(X_df) 050 1
0.25 1
[ ] 1 ®ktime
CUML 2 from cuml import DBSCAN as cumlDBSCAN 0.00 1
4 db gpu = cumlDBSCAN(eps=0.2, min_samples=2) -0.25 1
5 y_db gpu = db gpu.fit predict(X gpu)
-0.50
> CPU times: user 213 ms, sys: 33.3 ms, total: 247 ms
Wall time: 252 ms S — - ' ' . . '
-1.0 -0.5 0.0 05 10 15 20

30 <A NVIDIA.



COMPARE CPU VS GPU

1 db = DBSCAN(eps=3, min_samples=2)

1 XXtime
2 y db = db.fit predict(X)
import numpy as np

CPU times: user 34 s, sys: 6.85 ms, total: 34 s

n_rows, n_cols = 1eeee, 128 >
X = np.random.rand({n_rows, n_cols) > Wall time: 34 s

print(X.shape)

> (10000, 128)

pd.DataFrame({ feafd'%i: X[:, for i in range(X.shape[1])})

X df = i]
X_gpu = cudf.DataFrame.from_pandas(X_df)

option with eps=3 and min_samples=2

1 db_gpu = cumlDBSCAN{eps=3, min_samples=2)

1 ¥¥time
2 y_db_gpu = db_gpu.fit_predict(x_gpu)

CPU times: user 441 ms, sys: 199 ms, total: 648 ms
Wall time: 644 ms




Principal Component Analysis (PCA)
Before...

Specific: Import CPU algorithm Specific: Import GPU algorithm
from sklearn.decomposition import PCA from cuml import PCA
Common: Helper functions Common: Helper functions
# Timer, load_datg... # Timer, load data...
from helper import * from helper import *
‘ P U VS G P U Common: Data loading and algo params Common: Data loading and algo params

# Data loading # Data loading
nrows = 2%*22 nrows = 2**22
ncols = 400 ncols = 480
X = load_data(nrows, ncols) X = load_data(nrows, ncols)

‘ A print('data', X.shape) print('data', X.shape)
# Algorithm parameters # Algorithm parameters
n_components = 8 n_components = 10
whiten = False whiten = False
random_state = 42 random_state = 42
svd_solver = "full" svd_solver = "full"
use mortgage data use mortgage data
data (4194304, 468) data (4194304, 400)

Specific: DataFrame from Pandas to cuDF

Training results:

import cudf
X = cudf.DataFrame.from_pandas(X)

CPU: 57. 1 Seconds LcJ:lilltE:: :5:2 :.45 s, sys: 4.68 s, total: 9.14 s
GPU: 4.28 Seconds Common: Training Common: Training

[4]: %%time [5]: %%time
pca = PCA(n_components=n_components,svd_solver=svd_solver, pca = PCA(n_components=n_components,svd_solver=svd_solver,
whiten=whiten, random_state=random_state) whiten=whiten, random_state=random_state)
_ = pca.fit_transform(X) _ = pca.fit_transform(X)
System: AWS p3.8xlarge X . . . A
CPUs: Intel(R) Xeon(R) CPU E5-2686 v4 @ 2.30GHz, 32 vCPU cores, 244 GB RAM CPU times: user Smin 19s, sys: 2min 12s, total: 1imin 32s CPU times: user 1.94 s, sys: 512 ms, total: 2.45 s
GPU: Tesla V100 SXM2 16GB Wall time: 57.1 s Wall time: 4.28 s

Dataset: https://github.com/rapidsai/cuml/tree/master/python/notebooks/data




CPU vs GPU
KNN

Training results:

CPU: ~9 minutes
GPU: 1.12 seconds

System: AWS p3.8xlarge

CPUs: Intel(R) Xeon(R) CPU E5-2686 v4 @ 2.30GHz, 32 vCPU cores, 244 GB RAM
GPU: Tesla V100 SXM2 16GB

Dataset: https://github.com/rapidsai/cuml/tree/master/python/notebooks/data

k-Nearest Neighbors (KNN)

Before...

Specific: Import CPU algorithm

from sklearn.neighbors import KDTree as KNN

Common: Helper functions

# Timer, load data...
from helper import *

Common: Data loading and algo params

# Data loading
nrows = 2**17
ncols = 40

X = load_data(nrows, ncols)
print('data’, X.shape)

# Algorithm parameters
n_neighbors = 10

use mortgage data
data (131072, 48)

Specific: Training

Jktime
knn = KNN(X)
_ = knn.query(X, n_neighbors)

CPU times: user 9min 2s, sys: 272 ms, total: 9min 2s
Wall time: 8min 59s

Specific: Import GPU algorithm

from cuml import KNN

Common: Helper functions

# Timer, load data...
from helper import *

Common: Data loading and algo params

# Data loading
nrows = 2%¥*17
ncols = 4@

X = load_data(nrows, ncols)
print('data’', X.shape)

# Algorithm parameters
n_neighbors = 10

use mortgage data
data (131872, 48)

Specific: DataFrame from Pandas to cuDF

%%time
import cudf
X = cudf.DataFrame.from_pandas(X)

CPU times: user 3 s, sys: 552 ms, total: 3.56 s
Wall time: 839 ms

Specific: Training

%%time

knn = KNN(n_gpus=1)
knn.fit(X)

_ = knn.query(X, n_neighbors)

CPU times: user 692 ms, sys: 428 ms, total: 1.12 s
Wall time: 1.12 s



THE RAPIDS (USECASE)

culO (for tabular) / cuDF —

Load and Data Preparation cuML — XGBoost End-to-End
20 CPU Nodes 2,741 20 CPU Nodes 2,290 20 CPU Nodes ]
30 CPU Nodes 1,675 30 CPU Nodes 1,956 30 CPU Nodes |
50 CPU Nodes 715 50 CPU Nodes 1,999 50 CPU Nodes e
100 CPU Nodes 379 100 CPU Nodes 1,948 100 CPU Nodes I
ox | 12x | 2000X |
DGX-2 | 42 DGX-2 169 oGx-2 ||
5x DGX-1 | 19 5x DGX-1 157 5x DGX-1
0 1,000 2,000 3,000 0 500 1,000 1,500 2,000 2,500 0 2,000 4,000 6,000 8,000 10,000
Time in seconds — Shorter is better
M culO / cuDF (Load and Data Preparation) Data Conversion [l XGBoost
Benchmark CPU Cluster Configuration DGX Cluster Configuration
200GB CSV dataset; Data preparation CPU nodes (61 GiB of memory, 8 vCPUs, 5x DGX-1 on InfiniBand network

includes joins, variable transformations. 64-bit platform), Apache Spark



Roadmap




cuDF — ROADMAP

Analytics

Libraries daskgdf
daskgdf: Distributed Computing pygdf using Dask; Support for multi-GPU, multi-node
pygdf: Python bindings for libgdf (Pandas like API for DataFrame manipulation)

libgdf: CUDA C++ Apache Arrow GPU DataFrame and operators (Join, GroupBy, Sort, etc.)

pygdf

Memory Allocation Requirement libadf
Budget 2-3X dataset size for cuDF working memory

Multi-GPU Multi-node Roadmap

Yes Yes

*Note: No peer-to-peer data sharing means computation performed via map/reduce style programming in Dask



TODAY - RAPIDS 0.6

GTC San Jose 2019
| weaph | s | wmc | wmewn |

Gradieht Boosted Decision Trees
(GBDT) Jaccard

GLM Weighted Jaccard
Logistic Regression PageRank
Random Forest (regression) .
Louvain
K-Means
SSSP
DBSCAN
o I sswe
ARIMA Triangle Counting
Kalman Filter - Subgraph Extraction
Holts-Winters
- SG Single GPU
Principal Components .
- MG Multi-GPU

Singular Value Decomposition MGMN Multi-GPU Multi-Node



Gradient Boosted Decision Trees
(GBDT)

GLM
Logistic Regression
Random Forest (regression)
K-Means
K-NN
DBSCAN
UMAP
ARIMA
Kalman Filter
Holts-Winters
Principal Components

Singular Value Decomposition

ROAD TO 1.0

Q4 2019

- RAPIDS 0.12

Jaccard
Weighted Jaccard
PageRank
Louvain
SSSP
BFS
SSWP
Triangle Counting

Subgraph Extraction

SG Single GPU
MG Multi-GPU
MGMN Multi-GPU Multi-Node



XGBOOST SUPPORT SPARK NOW

Apache Spark S APACHE C’QZ

Easy to use through Scala/Java API using an existing Spark cluster - Python API po w
coming soon

YARN for managing resources

Dask

Simple to use Python API that is infrastructure agnostic [f DAS K

Kubernetes for managing resources

Both Apache Spark and Dask support loading CSV, Parquet, ORC, and other file
formats from local disk, HDFS, S3, GS, Azure Storage

39 NVIDIA.



RAPIDS RESOURCE

http://www.rapids.ai/

cuDF Documentation: https://rapidsai.github.io/projects/cudf/en/latest/

cuML Documentation: https://rapidsai.github.io/projects/cuml/en/latest/

cuGraph Documentation: https://rapidsai.github.io/projects/cugraph/en/0.6.0/index.html

Dask Documentation: https://docs.dask.org/en/latest/

Arrow Documentation: https://arrow.apache.org/docs/

GitHub: https://github.com/RAPIDSai

40 <ANVIDIA.


http://rapids.ai/
https://rapidsai.github.io/projects/cudf/en/latest/
https://rapidsai.github.io/projects/cuml/en/latest/
https://rapidsai.github.io/projects/cugraph/en/0.6.0/index.html
https://docs.dask.org/en/latest/
https://arrow.apache.org/docs/
https://github.com/RAPIDSai
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