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Notices & Disclaimers
Results have been estimated or simulated.

Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex​.  

Performance results are based on testing as of dates shown in configurations and may not reflect all publicly 
available ​updates.  See backup for configuration details.  No product or component can be absolutely secure. 

Your costs and results may vary. 

Intel technologies may require enabled hardware, software or service activation.

All product plans and roadmaps are subject to change without notice. 

Code names are used by Intel to identify products, technologies, or services that are in development and not 
publicly available. These a​​re not "commercial" names and not intended to function as trademarks.​​

Intel contributes to the development of benchmarks by participating in, sponsoring, and/or contributing 
technical support to various benchmarking groups, including the BenchmarkXPRT Development Community 
administered by Principled Technologies.

© Intel Corporation.  Intel, the Intel logo, and other Intel marks are trademarks of Intel Corporation or its 
subsidiaries.  Other names and brands may be claimed as the property of others.
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Outline
▪ End-to-end AI Pipelines
• Intel-Optimized Solutions for End-to-End Analytics & AI pipeline

• Journey to production AI

▪ Intel® oneAPI AI analytics toolkit
• Intel’s oneAPI Ecosystem

• How to download

▪ Intel® Distribution of Modin
• Modin layered API view

• NYC Taxi Workload and performance

▪ Machine Learning – Intel® Extension for Scikit-learn and XGBoost
• Intel® Extension for Scikit-learn 

• XGBoost CPU acceleration

▪ End-to-end workloads
• Workload description and code flow

• End-to-end workload performance

• Hyper-parameter tuning with SigOpt

▪ Intel® oneAPI containers
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Intel-Optimized Solutions for End-to-End Analytics & AI pipeline
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Journey to Production AI
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Intel’s oneAPI Ecosystem

...

Available Now

Visit software.intel.com/oneapi for more details
Some capabilities may differ per architecture and custom-tuning will still be required. Other accelerators to be supported in the future.

Built on Intel’s Rich Heritage of 
CPU Tools Expanded to XPUs

oneAPI 

A cross-architecture language based on C++ 
and SYCL standards

Powerful libraries designed for acceleration of 
domain-specific functions

A complete set of advanced compilers, libraries, 
and porting, analysis and debugger tools  

Powered by oneAPI

Frameworks and middleware that are built 
using one or more of the oneAPI industry 
specification elements, the DPC++ language, 
and libraries listed on oneapi.com.

https://software.intel.com/content/www/us/en/develop/tools/oneapi.html
file:///E:/IHI Creative Dropbox/Jay Jaime/Intel/OneAPI/Gold Deck/Assets/Copy Assets/software.intel.com/oneapi
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Intel® oneAPI AI Analytics 
Toolkit

Core Python 

machine learning

Data Analytics

DEEP Learning

Intel® Optimization for 
TensorFlow

Intel® Optimization for 
PyTorch

Model Zoo for Intel® 
Architecture

Intel-Opt
NumPy

Intel-optimized Scikit-learn

Intel® oneAPI AI Analytics Toolkit

Intel-optimized XGBoost

Intel® Low Precision 
Optimization Tool

Intel® Distribution of Modin

OmniSci Backend

Intel-Opt
SciPy

Intel-Opt
Numba

Intel-Opt
Pandas

DPPY

Accelerates end-to-end Machine Learning and Data 
Analytics pipelines with frameworks and libraries optimized 
for Intel® architectures

Who Uses It?

Data scientists, AI Researchers, Machine and Deep Learning 
developers, AI application developers 

Learn More: intel.com/oneAPI-AIKit

https://software.intel.com/content/www/us/en/develop/tools/oneapi/ai-analytics-toolkit.html
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How to download and 
install Intel® oneAPI 
Analytics Toolkit?

▪ Link to download page

• Select ‘Get It Now’

• Select the OS and distro

• Follow the download instructions and 
steps

▪ Other Links

• Getting Started Guide

• Build and Run a Sample

• Intel® oneAPI AI Analytics Toolkit Code 
Samples.

https://software.intel.com/content/www/us/en/develop/tools/oneapi/ai-analytics-toolkit.html
https://software.intel.com/content/www/us/en/develop/documentation/get-started-with-ai-linux/top.html
Build%20and%20Run%20a%20Sample
https://github.com/oneapi-src/oneAPI-samples


Intel® Distribution for Modin
Data Ingestion, Data pre-processing and Data wrangling

https://github.com/modin-project/modin

https://github.com/modin-project/modin
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Modin

▪ Modin helps scale Pandas workflow by changing a single 
line of code

▪ To use Modin, users do not need to know how many cores 
the system has, and do not need to specify how to distribute 
the data. Users can continue using their previous Pandas 
notebooks while experiencing a considerable speedup from 
Modin, even on a single machine

▪ Modin transparently distributes the data and computation 
across available cores, unlike Pandas which only uses one 
core at a time

▪ With Modin, users get a fast data frame at 1MB and 1TB+ 
alike allowing users to use the same tool for doing the same 
computation on different sizes of data

Only a single line import 
change needed to run modin
instead of pandas

SciPy

NumPy

Pandas Scikit-learn

Single-threaded Python Runtime

Interactive Python

Pytorch/TF

Modin can be installed from PyPI:
pip install modin
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Modin – layered API view

Pandas

Dataframe Algebra API 

Query Compiler API

SQL DSL(Ibis) User Defined DSL

Storage API Execution API  

Dask Ray MPI Multiprocessing

User level API

System level API

Middleware
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NYC Taxi Workload
Dataset source: https://github.com/toddwschneider/nyc-
taxi-data

• The dataset consists of up to 1.1 
billion individual taxi trips in the city of 
New York from January 2009 through 
June 2015, covering both yellow and 
green taxis

• The NYCtaxi workload ingests the large 
dataset into a data frame and performs 
queries over them

Data Ingestion into a data frame

Data processing and wrangling queries over the data frame

https://github.com/toddwschneider/nyc-taxi-data
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NYCTaxi workload performance
Pandas vs Modin

Configurations: For 20 million rows: Dual socket Intel(R) Xeon(R) Platinum 8280L CPUs (S2600WFT platform), 28 cores per socket, hyperthreading enabled, turbo mode enabled, NUMA nodes per socket=2, BIOS: 
SE5C620.86B.02.01.0013.121520200651, kernel: 5.4.0-65-generic, microcode: 0x4003003, OS: Ubuntu 20.04.1 LTS, CPU governor: performance, transparent huge pages: enabled, System DDR Mem Config: slots / cap / speed: 12 slots / 32GB / 
2933MHz, total memory per node: 384 GB DDR RAM, boot drive: INTEL SSDSC2BB800G7. For 1 billion rows: Dual socket Intel Xeon Platinum 8260M CPU, 24 cores per socket, 2.40GHz base frequency, DRAM memory: 384 GB 12x32GB DDR4 Samsung 
@ 2666 MT/s 1.2V, Optane memory: 3TB 12x256GB Intel Optane @ 2666MT/s, kernel: 4.15.0-91-generic, OS: Ubuntu 20.04.4 
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Modin+Omnisci – using 3TB Optane
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Higher is 

better

Results have been estimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex.See Appendix for configurations



Intel® Extension for Scikit-learn and 
XGBoost
OneDAL: https://github.com/oneapi-src/oneDAL

Article: https://medium.com/intel-analytics-software 

https://github.com/oneapi-src/oneDAL
https://medium.com/intel-analytics-software
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oneAPI Data Analytics Library (oneDAL)
Optimized building blocks for all stages of data analytics on Intel Architecture

GitHub: https://github.com/oneapi-src/oneDAL

https://github.com/oneapi-src/oneDAL
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What makes oneDAL faster?

The best performance on Intel Architectures 
with oneMKL (Intel® MKL) vs. lower 
performance on BLAS/LAPACK libs

1

oneDAL targets to many-core systems to 
achieve the best scalability on Intel® Xeon, 
other libs mostly target to client versions 
with small amount of cores

2

oneDAL uses the latest available vector-instructions
on each architecture, enables them by compiler 
options, intrinsic. Usually, other ML libs build 
applications without vector-instructions support or 
sse4.2 only.

3

oneDAL uses the most efficient memory optimization 
practices: minimally access memory, cache access 
optimizations, SW memory prefetching. Usually Other 
ML libs don’t make low-level optimizations.

4

oneDAL enables new instruction sets and 
other HW features even before official HW 
launch. Usually, other ML libs do this with 
long delay.

5

oneDAL provides distributed algorithms 
which scale on many nodes6

architectures
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Intel Distribution for Python (IDP) Scikit-learn

▪ from sklearn.svm import SVC

▪

X, Y = get_dataset()

▪ clf = SVC().fit(X, y)

▪ res = clf.predict(X)

import daal4py as d4p

d4p.patch_sklearn()

from sklearn.svm import SVC

X, Y = get_dataset()

clf = SVC().fit(X, y)

res = clf.predict(X)

Common Scikit-learn Scikit-learn with Intel CPU opts

Available through PyPi
pip install daal4py

Scikit-learn mainline

Same Code, 
Same Behavior

• Scikit-learn, not scikit-learn-like

• Scikit-learn conformance 
(mathematical equivalence) 
defined by Scikit-learn 
Consortium,
continuously vetted by public CI



18

Intel® Extension for Scikit-learn (accelerated by oneDAL)

Same Code, 
Same Behavior

• Scikit-learn, not scikit-learn-like

• Scikit-learn conformance 
(mathematical equivalence) 
defined by Scikit-learn 
Consortium,
continuously vetted by public CI

HW: Intel Xeon Platinum 8276L CPU @ 2.20GHz, 2 sockets, 28 cores per socket; 

Details: https://medium.com/intel-analytics-software/accelerate-your-scikit-learn-applications-a06cacf44912
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kNN predict, 20K x 50, class=2, k=5

kNN predict, 100K x 20, class=2, k=5

train_test_split, 5M x 20

DBSCAN fit, 500K x 50

SVC predict, mnist

SVC fit, mnist

SVC predict, ijcnn

SVC fit, ijcnn

LASSO fit, 9M x 45

Linear Reg fit 2M x 100

Ridge Reg fit 10M x 20

Random Forest predict, higgs1m

Random Forest fit, higgs1m

PCA transform, 1M x 50

PCA fit, 1M x 50

K-means predict, 1M x 20, k=1000

K-means fit 1M x 20, k=1000

Speedup of Intel® oneDAL powered Scikit-Learn 

over the original Scikit-Learn

Results have been estimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex.See Appendix for configurations

https://medium.com/intel-analytics-software/accelerate-your-scikit-learn-applications-a06cacf44912
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Intel® Extension for Scikit-learn (accelerated by oneDAL)

Intel CPU: Intel Xeon Platinum 8280 CPU @ 2.70GHz, 2 sockets, 28 cores per socket;
AMD CPU: Rome 7742 @2.25GHz, 2 sockets, 64 cores per socket
Nvidia GPU: Tesla V100-16GB
SW: daal4py 2020.3, Scikit-learn 0.23.2, RAPIDS cuML 0.15
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Results have been estimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex.See Appendix for configurations
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XGBoost CPU acceleration (“hist” method)

+ Reducing memory consumption of fitting
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XGBoost - acceleration against baseline (v0.81)

on Intel CPU 

XGB 0.81 (CPU) XGB 0.9 (CPU) XGB 1.0 (CPU) XGB 1.1 (CPU) XGB 1.3 (CPU)

CPU configuration: CLX 8280 @ 2.7GHz, 2 sockets, 28 cores per socket

Higher is 
better

Results have been estimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex.See Appendix for configurations
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XGBoost CPU acceleration – gain sources

Pseudocode for XGBoost v0.81 (baseline): Pseudocode for optimized XGBoost:
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Memory prefetching to 
mitigate

irregular memory 
access

SIMD instructions 
instead of scalar code

Nested parallelism by 
dtree nodes

Advanced parallelism 
for samples 
partitioning, reducing 
seq loops

Released XGB 1.3Legend:

Usage uint8 instead of 
uint32

Future scope

Results have been estimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex.See Appendix for configurations



End-to-end Machine Learning 
workloads
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E2E workload
Census

• The Census workload uses the U.S. census data from 1970 to 2010 in order to build a ridge 
regression-based training model to predict the education attainment level based on income, age, 
gender

PLAsTiCC

• PLAsTiCC is an open data challenge to classify objects in the sky that vary in brightness using 
simulated astronomical time-series data. The challenge is to determine a probability that each object 
belongs to one of 14 classes of astronomical filters.

Unoptimized
Readcsv: pandas

ETL: pandas

ML: stock scikit-learn

Optimized Software
Readcsv: Modin w/ Omnisci

ETL: Modin w/ Omnisci

ML: scikit-learn accelerated by daal4py

Hyper-parameter Tuning

SigOpt

Unoptimized
Readcsv: pandas

ETL: pandas

ML: XGBoost

Optimized Software
Readcsv: Modin w/ Omnisci

ETL: Modin w/ Omnisci

ML: Optimized XGBoost

Hyper-parameter Tuning

SigOpt
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Census

Initialize Modin

•Modin engine=Ray

•Modin backend=Omnisci

• Initialize Calcite

21,721,922 rows x 45 
columns

Readcsv and create 
dataframe

21,721,922 rows x 
24 columns

Drop unneeded 
columns 

16,833,597 rows x 
24 columns

Remove rows where:

INTOT=9999999
EDUC=-1
EDUCD=-1

16,833,597 rows x 
24 columns

INCTOT=INCTOT x 
CPI99
(Arithmetic op)

16,833,597 rows x 
24 columns

Fill NA with -1
Datatype=float64 
(type convert)

16,833,597 rows x 1 column

16,833,597 rows x 22 columns

y = EDUC (output variable)

Drop EDUC and CPI99
X = feature set 

Train test split

Randomly split X in 
10:1 to create train 
and test sets

Training

Train a ridge regression 
model
clf.fit(X_train, y_train)

Inference

Run predict using the 
trained model on test 
set
y_pred = model.predict(X_test)

Accuracy

Calculate accuracy of 
prediction by calculating 
MSE 

Loop 50 times to remove any bias in splitting the dataset into train & test set, reduce chance of over-fitting from selecting a train set that fits the model too well to the test set
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Dataset includes census year, household serial number, inflation adjustment factor, age, sex, personal income and education 
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PLAsTiCC

Initialize Modin

• Modin engine=Ray

• Modin backend=Omnisci

• Initialize Calcite

1,421,705 rows x 
6 columns

Readcsv and create 
dataframe for 
train_data

7,848 rows x 
12 columns

Readcsv and create 
dataframe for 
train_metadata

189,022,127 rows x 
6 columns

Readcsv and create 
dataframe for 
test_data

3,492,890 rows x 
11 columns

Readcsv and create 
dataframe for 
test_metadata

1,421,705 rows 
x 8 columns

Add 2 additional 
columns to 
train_data
(Arithmetic op)

7,848 rows x 
13 columns

Perform a groupby
aggregate based on the 
aggs dictionary

7,848 rows x 
18 columns

Additional 
arithmetic 
operations

7,848 rows x 
16 columns

Drop 2 columns

7,848 rows x 
17 columns

Reset Index

7,848 rows x
8 columns

Drop columns 
from metadata

7,848 rows x
24 columns

Merge agg_df
and meta_df

Train test split

Split train set in 
10:1 to create sets 
for cross validation

Dmatrix conv

Load all numpy arrays 
into dmatrix objects

Training

Train xgboost model
histogram tree method
num_boost_round=60, 
early_stopping_rounds=10

Cross validation

Run the trained model on 
the cross-validation set 
to obtain yp = 
clf.predict(dvalid)

Prediction

Run the model on 
the test set and 
make prediction
ysub = clf.predict(dtest)

R
e

a
d

c
s
v

E
T

L
M

L

The PLAsTiCC data are separated into a training data set and a test set; the latter is the data without classifications that needs to be classified
Train/test meta data lists each source in the data indexed by a unique identifier & each row of the table lists the properties of that source
Train/test time-series data contains information about the sources and their brightness in different passbands as a function of time 

189,022,127 rows 
x 8 columns

Add 2 additional 
columns to test 
data (Arithmetic op)

1,425,226 rows 
x 13 columns

Perform a groupby
aggregate based on the 
aggs dictionary

1,425,226 rows 
x 18 columns

Additional 
arithmetic 
operations

1,425,226 rows 
x 16 columns

Drop 2 columns

1,425,266 rows 
x 17 columns

Reset Index

3,492,890 rows 
x 7 columns

Drop columns 
from metadata

3,492,890 rows 
x 23 columns

Merge agg_df
and meta_df

T
ra

in
 S

e
t

T
e

st
 S

e
t



26

End-to-end workload performance
Census

Phase-wise % breakdown

Readcsv ETL Train Test Split ML

PLAsTiCC
Phase-wise % breakdown

Readcsv ETL ML
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Higher is 
better

10x
18x

Results have been estimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex.See Appendix for configurations
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Hyper parameter tuning with SigOpt

▪ https://sigopt.com/

▪ Sigopt features:​

▪ Easy to track runs, visualize training, and scale 
hyperparameter optimization

▪ advanced Optimization Engine that delivers better 
results, faster and cheaper​

▪ Easy to use and parallelize for any type of model built 
with any library on any infrastructure

https://sigopt.com/
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Example Sigopt Use Case for XGBOOST

Write a new python script that runs 
the application 

Read result metric that needs to 
be optimized, set as return value
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Tunable parameters

XGBoost Parameters Meaning

1 tree_method tree construction algorithm: exact, approx, hist

2 Nthread number of threads

3 nround number of trees

4 subsample randomly sample training data before build tree to avoid overfitting

5 colsample_bytree randomly sample features before building tree to avoid overfitting

6 max_bin used to bucket continuous features, trade off between accuracy and timing

7 max_depth larger, learned more local , easier to overfitting

8 min_child_weight split tree if weight larger than this value, larger, less leaf, avoid overfitting

9 learning_rate (eta) shrinks the feature weights

10 gamma larger, more conservative when split, could avoid overfitting

11 (reg_) alpha L1 normalization, larger, weight decreasing faster, avoid overfitting

12 (reg_) lambda L2 normalization, larger, weight decreasing faster, avoid overfitting

13 scale_pos_weight control the balance of positive and negative weights for unbalanced class

Ridge Regression Parameters meaning

1 alpha L2 normalization, larger, weight decreasing faster, avoid overfitting

2 n_round cross validation, avoid overfitting
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End-to-end workload performance with optimized hyperparameters
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PLAsTiCC
Phase-wise % breakdown

Readcsv ETL ML

Higher is 
better

2.3x
1.5x

Results have been estimated or simulated. Performance varies by use, configuration and other factors. Learn more at www.Intel.com/PerformanceIndex.See Appendix for configurations
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Intel oneAPI Containers
▪ Optimized, validated, deployable AI containers and artifacts for 

Intel platforms

▪ Download Docker* Image: from the Containers Repository

▪ Available via Docker containers and Intel software stacks. Easy 
access to Kubernetes orchestrations, Helm charts, AI Models, 
Pipelines,  Pre-trained weights ready for training and inference, 
and more

▪ Link to the portal (https://software.intel.com/containers) 

▪ oneAPI Containers Get Started Guide Intel® oneAPI IoT Toolkit Intel® oneAPI Runtime Libraries
▪ Intel® oneAPI Base Toolkit Intel® oneAPI DL Framework Developer Toolkit https://github.com/intel/oneapi-containers
▪ Intel® oneAPI HPC Toolkit Intel® AI Analytics Toolkit Singularity containers

Key Models (More being added)

Image Segmentation

Mask R-CNN

3D-UNet

Language Modeling & 
Translation

BERT-Large

Transformer-LT

Object Detection

SSD-MobileNet-v1

SSD-ResNet34

Mobilenet-v1

Yolo-v4

Recommendation

DLRM

DIEN

NCF

Wide & Deep

Text to Speech

WaveNet

Speech Recognition

RNN-T

Image Classification

ResNet-50

ResNeXt-101

https://hub.docker.com/r/intel/oneapi
https://software.intel.com/content/www/us/en/develop/tools/containers.html?query=&currentPage=2&externalFilter=emtsubject:itinformationtechnology/aiartificialintelligence;
https://software.intel.com/containers
https://software.intel.com/content/www/us/en/develop/documentation/get-started-with-intel-oneapi-base-linux/top/using-containers.html
https://hub.docker.com/r/intel/oneapi-iotkit
https://hub.docker.com/r/intel/oneapi-runtime
https://hub.docker.com/r/intel/oneapi-basekit
https://hub.docker.com/r/intel/oneapi-dlfdkit
https://github.com/intel/oneapi-containers
https://hub.docker.com/r/intel/oneapi-hpckit
https://hub.docker.com/r/intel/oneapi-aikit
https://github.com/intel/oneapi-containers/tree/master/images/singularity
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Configuration Details
NYCTaxi Workload performance: 

For 20 million rows: Dual socket Intel(R) Xeon(R) Platinum 8280L CPUs (S2600WFT platform), 28 cores per socket, hyperthreading enabled, turbo mode enabled, NUMA nodes per socket=2, 
BIOS: SE5C620.86B.02.01.0013.121520200651, kernel: 5.4.0-65-generic, microcode: 0x4003003, OS: Ubuntu 20.04.1 LTS, CPU governor: performance, transparent huge pages: enabled, System 
DDR Mem Config: slots / cap / speed: 12 slots / 32GB / 2933MHz, total memory per node: 384 GB DDR RAM, boot drive: INTEL SSDSC2BB800G7. For 1 billion rows: Dual socket Intel Xeon 
Platinum 8260M CPU, 24 cores per socket, 2.40GHz base frequency, DRAM memory: 384 GB 12x32GB DDR4 Samsung @ 2666 MT/s 1.2V, Optane memory: 3TB 12x256GB Intel Optane @ 
2666MT/s, kernel: 4.15.0-91-generic, OS: Ubuntu 20.04.4 

Scikit-learn Bench and XGBoost Workload performance : 

Intel CPU: Intel Xeon Platinum 8280 CPU @ 2.70GHz, 2 sockets, 28 cores per socket; AMD CPU: Rome 7742 @2.25GHz, 2 sockets, 64 cores per socket
Nvidia GPU: Tesla V100-16GB SW: daal4py 2020.3, Scikit-learn 0.23.2, RAPIDS cuML 0.15

End-to-End Census Workload performance (Stock): 

Tested by Intel as of 2/19/2021. 2 x Intel® Xeon Platinum 8280L @ 28 cores, OS: Ubuntu 20.04.1 LTS Mitigated, 384GB RAM (384GB RAM: 12x 32GB 2933MHz), kernel: 5.4.0-
65-generic, microcode: 0x4003003, CPU governor: performance. SW: Scikit-learn 0.24.1, Pandas 1.2.2, Python 3.9.7, Census Data, (21721922, 45) Dataset is from IPUMS USA, 
University of Minnesota, www.ipums.org [Steven Ruggles, Sarah Flood, Ronald Goeken, Josiah Grover, Erin Meyer, Jose Pacas and Matthew Sobek. IPUMS USA: Version 
10.0 [dataset]. Minneapolis, MN: IPUMS, 2020. https://doi.org/10.18128/D010.V10.0]

End-to-End Census Workload performance (Optimized): 

Tested by Intel as of 2/19/2021. 2 x Intel® Xeon Platinum 8280L @ 28 cores, OS: Ubuntu 20.04.1 LTS Mitigated, 384GB RAM (384GB RAM: 12x 32GB 2933MHz), kernel: 5.4.0-
65-generic, microcode: 0x4003003, CPU governor: performance. SW: Scikit-learn 0.24.1 accelerated by daal4py 2021.2, modin 0.8.3, omniscidbe v5.4.1, Python 3.9.7, Census 
Data, (21721922, 45) Dataset is from IPUMS USA, University of Minnesota, www.ipums.org [Steven Ruggles, Sarah Flood, Ronald Goeken, Josiah Grover, Erin Meyer, Jose Pacas
and Matthew Sobek. IPUMS USA: Version 10.0 [dataset]. Minneapolis, MN: IPUMS, 2020. https://doi.org/10.18128/D010.V10.0]

End-to-End PLAsTiCC Workload performance (Stock): 

Tested by Intel as of 2/19/2021. 2 x Intel® Xeon Platinum 8280L @ 28 cores, OS: Ubuntu 20.04.1 LTS Mitigated, 384GB RAM (384GB RAM: 12x 32GB 2933MHz), kernel: 5.4.0-
65-generic, microcode: 0x4003003, CPU governor: performance. SW: Scikit-learn 0.24.1, Pandas 1.2.2, XGBoost 1.3.3, Python 3.9.7, PLAsTiCC Data Training set: (1421705, 6); 
Test set: (189022127, 6). Dataset is from Kaggle challenge “PLAsTiCC Astronomical Classification” https://www.kaggle.com/c/PLAsTiCC-2018/data

End-to-End PLAsTiCC Workload performance (Optimized): 

Tested by Intel as of 2/19/2021. 2 x Intel® Xeon Platinum 8280L @ 28 cores, OS: Ubuntu 20.04.1 LTS Mitigated, 384GB RAM (384GB RAM: 12x 32GB 2933MHz), kernel: 5.4.0-
65-generic, microcode: 0x4003003, CPU governor: performance. SW: Scikit-learn 0.24.1 accelerated by daal4py 2021.2, modin 0.8.3, omniscidbe v5.4.1, XGBoost 1.3.3, Python 
3.9.7, PLAsTiCC Data Training set: (1421705, 6); Test set: (189022127, 6). Dataset is from Kaggle challenge “PLAsTiCC Astronomical Classification” 
https://www.kaggle.com/c/PLAsTiCC-2018/data

http://www.ipums.org/
http://www.ipums.org/
https://www.kaggle.com/c/PLAsTiCC-2018/data
https://www.kaggle.com/c/PLAsTiCC-2018/data
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▪ Visit Intel® oneAPI AI 
Analytics Toolkit (AI 
Kit) for more details 
and up-to-date 
product information

▪ Release Notes

▪ Download the AI Kit 
from Intel, Anaconda
or any of your favorite
package managers

▪ Get started quickly 
with the AI Kit Docker  
Container

▪ Installation Guide

▪ Utilize the Getting 
Started Guide

▪ Code Samples

▪ Build, test and 
remotely run 
workloads on the 
Intel® DevCloud for 
free. No software 
downloads. No 
configuration steps. 
No installations.

▪ Machine Learning & 
Analytics Blogs at Intel 
Medium

▪ Intel AI Blog site

▪ Webinars and Articles 
at Intel® Tech Decoded

▪ Ask questions and 
share information with 
others through the 
Community Forum

▪ Discuss with experts at 
AI Frameworks Forum

Getting Started with Intel® oneAPI AI Analytics Toolkit

Download Now

https://software.intel.com/content/www/us/en/develop/tools/oneapi/ai-analytics-toolkit.html
https://software.intel.com/content/www/us/en/develop/articles/oneapi-ai-analytics-toolkit-release-notes.html
https://software.intel.com/content/www/us/en/develop/tools/oneapi/download.html#aikit
https://software.intel.com/content/www/us/en/develop/articles/installing-ai-kit-with-conda.html
https://software.intel.com/content/www/us/en/develop/articles/oneapi-repo-instructions
https://hub.docker.com/r/intel/oneapi-aikit
https://software.intel.com/content/www/us/en/develop/articles/installation-guide-for-intel-oneapi-toolkits.html
https://software.intel.com/content/www/us/en/develop/documentation/get-started-with-ai-linux/top.html
https://github.com/intel/AiKit-code-samples
https://intelsoftwaresites.secure.force.com/devcloud/oneapi
https://medium.com/intel-analytics-software
https://www.intel.com/content/www/us/en/artificial-intelligence/blog.html
https://techdecoded.intel.io/topics/data-science/
https://community.intel.com/t5/Intel-AI-Analytics-Toolkit/bd-p/ai-analytics-toolkit
https://community.intel.com/t5/Intel-Optimized-AI-Frameworks/bd-p/optimized-ai-frameworks
https://software.intel.com/content/www/us/en/develop/tools/oneapi/ai-analytics-toolkit/get-the-toolkit.html
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oneDAL Algorithms
Machine Learning

.

Supervised 
learning

Regression

Classification

Naïve Bayes

Unsupervised 
learning

EM for GMM

Collaborative 
filtering

Alternating
Least

Squares

Ridge 
Regression

Brown/Logit

Boosting

LASSO

Apriori

AdaBoost

Gradient Boosting

Linear

Regression

Decision Tree

Random Forest

kNN

SVM

K-Means

DBSCAN

ElasticNet

Algorithms supporting batch and distributed processing

Algorithms supporting batch processing on CPU

Algorithms supporting batch processing on CPU and GPU

Logistic
Regression
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oneDAL Algorithms
Data Transformation and Analysis

.

Basic statistics 
for datasets

Variance-
Covariance 

matrix

Correlation and 
dependence

Cosine 
distance

Correlation 
distance

Matrix factorizations

SVD

QR

Cholesky

Dimensionality 
reduction 

Outlier detection

Univariate

MultivariateQuantiles

Order 
statistics

Low order
moments

PCA

Optimization solvers
(SGD, AdaGrad, lBFGS, CD)

Algorithms supporting batch and distributed processing

Algorithms supporting batch processing on CPU

Algorithms supporting batch processing on CPU and GPU
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Available algorithms

Accelerated IDP Scikit-learn algorithms:

• Linear/Ridge Regression

• Logistic Regression

• ElasticNet/LASSO

• PCA

• K-means

• DBSCAN

• SVC 

• train_test_split(), assume_all_finite()

• Random Forest Regression/Classification - DAAL 2020.3

• kNN (kd-tree and brute force) - DAAL 2020.3

.


