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10:15-11:15 Session 1. 
The current landscape of Big Data and AI benchmarks

• 10:15-10:25: DataBench Framework for Benchmarks, Arne J. Berre, SINTEF

• 10:25-10:40: Benchmarking platforms and AI, Axel Ngonga, BDVA TF6 Benchmark 
Lead, University of Paderborn

• 10:40-10:55: BenchCouncil Big Data and AI Benchmarks, Wanling Gao, Chinese 
Academy of Sciences

• 10:55-11:10: MLPerf AI and ABench, Rekha Singhal, Senior Scientist, TCS, India

• 11:10-11:15: Conclusion on Big Data and AI Benchmarks, Todor Ivanov, LeadConsult



BDV – Big Data and Analytics/Machine Learning
Reference Model

<Data sources>

Generic
Data pipeline
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<Data sources>

Generic
Data pipeline

Setup Model
Train Model
Verify Model
Validate Model
Exercise Model



Data Analytics/ML
(including data 

processing for analysis, 
AI and Machine 

Learning)

Data Visualisation, 
Action/Interaction

(including  data presentation 
environment/boundary/user  

action and interaction)

Data 
Acquisition/Collection 

(including Data Ingestion 
processing, Streaming, Data 

Extraction, Ingestion Storage, 
Different data types) 

Data 
Storage/Preparation 

(including Storage 
Retrieval/Access/Queries 
Data Protection, Curation, 
Integration, Publication) 

Top level Generic Big Data and AI Pipeline pattern

(For all Benchmarks and Project pipeline to be related to)
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Mapping between the Pipeline Steps 
and the Benchmark Ecosystem 
→ matrix available in the DataBench
ToolBox
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Benchmarking Platforms and AI
The Example of Hobbit

Axel-Cyrille Ngonga Ngomo

DICE Research Group
InfAI

EBDVF 2020

Ngonga (Paderborn University) Hobbit 04/11/2020 1 / 15



Hobbit
Overview

Two surveys in industry and academia (97 CxOs, 87 academics)

Core of the survey: Requirements to benchmarking platforms (AI, KG)

Result: Hobbit, a holistic benchmarking platform

Ngonga (Paderborn University) Hobbit 04/11/2020 2 / 15



Hobbit
Requirements

1 FAIR environment (Linked Data principles)

2 Fair conditions (separation of benchmark and systems)

3 Scalable (distributed execution and benchmarking)

4 Open (open-source, extensible)

5 Safe and secure (encryption, )

6 Portable (e.g., AWS)

Ngonga (Paderborn University) Hobbit 04/11/2020 3 / 15
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Hobbit
Platform

Platform
Controller

Graphical 
User Interface

data flow
creates component

Storage
Analysis

User 
ManagementRepository

Resource 
Monitoring Logging
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Hobbit
Platform

Platform
Controller

Data 
Generator

Task 
Generator

Data 
Generator

Data 
Generator

Task 
Generator

Task 
Generator

Graphical 
User Interface

Benchmarked System

data flow
creates component

Storage
Analysis

Benchmark
Controller

Eval. Storage

User 
ManagementRepository

Resource 
Monitoring Logging
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Platform
Current status

14 >1 000 >330

57 >200 >15 000

https://github.com/hobbit-project

Ngonga (Paderborn University) Hobbit 04/11/2020 9 / 15

https://github.com/hobbit-project


Data Generators
Industry 4.0, Transport

5 data generators based on real data

Various domains (transport, industrial machinery, cars, social networks, . . . )

Ngonga (Paderborn University) Hobbit 04/11/2020 10 / 15



Benchmarks
Acquisition and Collection

Dataset: 450 × 106 real tweets

Classification: Entity recognition, disambiguation and relation extraction

Ngonga (Paderborn University) Hobbit 04/11/2020 11 / 15



Benchmarks
Storage

Dataset: Extension of LDBC’s SNB (scaling factor up to 30)

Queries: Analytics and retrieval

Ngonga (Paderborn University) Hobbit 04/11/2020 12 / 15



Benchmarks
Analytics: Classification and Regression

Dataset: 106 points, real marine traffic data from Big Data Ocean)

Classification: Destination ports (name)

Regression: Arrival time (timestamp)

Ngonga (Paderborn University) Hobbit 04/11/2020 13 / 15



Benchmarks
Visualisation and Interaction

Dataset: 800 + 5000 question (manually edited + automatically generated)
(scaling factor up to 30)

Queries: question answering, keywords

Ngonga (Paderborn University) Hobbit 04/11/2020 14 / 15



Hobbit
Next Steps

1 KnowGraphs ITN (2019 – 2023)

7 universities, 8 companies
AI applications on knowledge
graphs
https://knowgraphs.eu/

2 Port to Kubernetes
3 Additional benchmarks

Embeddings
Machine translation
Natural language generation
Question answering
. . .

Ngonga (Paderborn University) Hobbit 04/11/2020 15 / 15

https://knowgraphs.eu/


BenchCouncil AI and Big Data
Benchmarks

Wanling Gao

European Big Data Value Forum (EBDVF)
2020.11.4



nThanks for the invitation of Dr. Arne J. Berre and Dr. Todor
Ivanov

nThanks for the forum organization of DataBench Toolbox
group

1

Acknowledgement



nInternational Open Benchmark Council (BenchCouncil)
uhttp://www.benchcouncil.org
ua non-profit international organization

pAiming to promote the standardization, benchmarking, evaluation, 
incubation, and promotion of Chip, AI, Big Data, Block Chain, and other 
emerging techniques.

nFundamental responsibilities 
uincubates benchmark projects and hosts the BenchCouncil

benchmark projects
uencourages benchmark-based quantitative approaches to tackle 

multi-disciplinary challenges. 

BenchCouncil



nDiverse application domains
uDatacenter、HPC、AIoT、Edge

n Balanced methodology that considers different benchmarking requirements
uScenario benchmarks

p The first AI benchmark that provides real-world scenario modelling
l E.g., the complete use cases of autonomous driving scenario in edge computing 

p For overall system evaluation
uComponent benchmarks

p Comprehensive workload behaviors
l Algorithm/System/Micro-architectural Characteristics

p Providing component subset for ranking
l Fairness, affordability, representativeness

uMicro benchmarks
p Hotspot functions and code optimizations

3

AI Benchmarking Targets



n AIBench
u Benchmarking datacenter AI systems and chips

n HPC AI500 
u Benchmarking HPC AI Systems

n Edge AIBench
u Benchmarking Edge Computing 

nAIoTBench
u Benchmarking Mobile and Embedded device 

Intelligence

BenchCouncil AI Benchmark Suites
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Benchmarking Methodology
Investigation of 

important AI 
application 
scenarios

Single out 
typical AI tasks

Representativen
ess of workload 

behaviors
Choosing subset 

for ranking

Layered 
benchmarking 

rules

Optimization and feedback

Balanced AI 
benchmarking 
methodology



Investigation of Internet Service Applications 



nCover mainstream neural network models（CNN, ResNet, LSTM, 
GRU, Attention, etc）

uText processing (5)
p Text-to-Text Translation, Text Summarization, Learning-to-Rank, Recommendation, Neural 

Architecture Search

uImage processing (8)
p Image Classification, Image Generation, Image-to-Text, Image-to-Image Translation, Face 

Embedding, Object Detection, Image Compression, Spatial Transformer
uAudio processing (1)

p Speech Recognition
uVideo processing(1)

p Video Prediction
u3D data processing (2)

p 3D Face Recognition, 3D Object Reconstruction

Typical AI Tasks
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Workloads of AIBench Training



nMicro-architecture level
uFLOPs computation、memory access pattern、computation pattern、I/O 

pattern

nSystem level
uThroughput、run-to-run variation、and convergence characteristics

nAlgorithm level
uModel architecture, model complexity (parameters)

Workload Characterization



nConcurrent work

nAIBench has wider 
coverage

AIBench Training vs. MLPerf Training
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Comparisons of AIBench against MLPerf

The Comparisons of AIBench against MLPerf from the Perspectives of Model Complexity, Computational Cost, and 
Convergent Rate.
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Micro-architectural Comparison

1: achieved occupancy

2: ipc efficiency

3: gld efficiency

4: gst efficiency

5: dram utilization
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Layered benchmarking rules
n Hardware Level

u allows the modifications of hardware, OS, and hyper-parameter layers, with the other layers unchanged

n Software Level
u allows the modifications of hardware, OS, AI framework, and hyper-parameter layers, while the others 

are fixed.

n Free Level
u allows the modifications of all layers except for the datasets and metrics layer.



nA minimum set to represent the maximum workload characteristics
uAlgorithm/AI model: FLOPs、parameter Size、epochs to accuracy
uSystem/Micro-architectural： system occupancy、IPC、load、store、dram

utilization

nWidely accepted evaluation metrics 
n E.g., GAN-based model has no widely accepted metrics, which may incurs 

inconsistence for different users

nRepeatability with low run-to-run variation

AIBench Subset for Ranking
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Run-to-run Variation



n K-Means Clustering  (system occupancy、IPC、load、store、dram utilization）

n To achieve repeatability, affordability, representativeness
uImage classification, Object detection, Learning-to-Rank

AIBench Subset



Intelligent Chips Ranking – Image Classification



nObject detection & Learning-to-Rank

Intelligent Chips Ranking



nMetrics
uRepresentativeness, Affordability
uRepeatability
uComputation
uTasks, Models, Datasets
uScalability

nAIBench Subset nearly satisfies the above all metrics

19

HPC AI500 For Benchmarking HPC AI Systems



nThe computation complexity of AIBench subset

20

Computation

Workload FLOPs (Single batch)
Image Classification 23 G

Object Detection 691 G
Learning to Rank 0.08 M

Image Classification and Object Detection suit for the requirements of HPC 
AI benchmarking



Layered benchmarking rules of HPC AI500



nConsidering both computing complexity and model quality: VFLOPS

achieved_quality represents the actual model quality achieved in the evaluation；

target_quality represents the state-of-the-art model quality that has been predefined in 
HPC AI500 benchmark；

The value of n is apositive integer, which is used to define the sensitivity to the model 
quality.。

Metrics for HPC AI500



nWorkload
uExtreme Weather Analysis，EWA in short

p To identify various extreme weather patterns (e.g. tropical depression), which is 
essentially object detection 

uImage Classification 
p A fundamental task in AI research 

nDatasets
uThe extreme weather dataset: 16 channels, 768*1052, 2 TB

p The first AI benchmark for HPC that uses the real-world scientific dataset
uImageNet 2012: 3 channels, 256*256, 136 GB

n Models
uFaster-RCNN
uResNet-50 V1.5

23

HPC AI500 Introduction



Problem
domain

Model Dataset Target
quality

Epochs Communication Library AI
framework

EWA Faster-
RCNN

The extreme 
weather dataset

mAP@[IoU=0.5
]=0.35

50
MPI、NCCL2 CUDA,

cuDNN,
NCCL

TensorFlow

Image 
Classification

ResNet50 
V1.5

ImageNet 2012 TOP1 
Accuracy= 

0.763

90

24

HPC AI500 Workloads
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The First HPC AI Ranking
HPC AI500, Image Classification, Free level



The First HPC AI Ranking
Training time Model Quality



nBenchCouncil AI Benchmarks
uhttps://www.benchcouncil.org/aibenchmark.html

uAIBench: An Industry Standard AI Benchmark Suite from Internet Services 
p https://arxiv.org/abs/2004.14690

uHPC AI500: The Methodology, Tools, Roofline Performance Models, and 
Metrics for Benchmarking HPC AI Systems

p https://www.benchcouncil.org/file/HPC_AI500TR.pdf

uRanking
p https://www.benchcouncil.org/ranking.html

27

Conclusion



Thank you！



Framework for Benchmarking  
ML/DL Workloads

16

Rekha Singhal 

Senior Scientist & Head Computing Systems, Tata Consultancy Services

Rekha.Singhal@tcs.com



ML/DL  

Pipeline

17

Data Exploration 

IDE benchmarks

Data Preprocessing

ADABench

Data Extraction (SQL) 

Big Bench, Polystore Benchmarks
Feature generation

Model 
Building/Tuning

MLPerf

ML pipeline Deployment

Architecture (Abench) 



New challenges for ML/DL workloads

 Heterogeneous hardware- CPU, GPU., TPU, ASIC

 Many frameworks- Pytorch, Tensorflow

 Heterogenous big data technology in the Pipeline 

 Many kinds of NN models - RNN, CNN, LSTM, RL…..

18



Data Lake

Data

e.g. Users’ Interaction

Datasets

Domain 

Meta Model

Domain 

Expert

Data Preprocessing

Feature Store

ML/DL Model Building

Aggregation, Windowing average, Min/Max, 

Hash Map, One hot/Matrix Encoding etc.

Data to

Meta Model 

Mapping

Model Post Processing

MODEL

Data

Sources

Data Lake

ML- KNN, XGBoost etc.     DL – LSTM, GNN 

etc.

iPrescribe: Recommendation Benchmark 

SparkScala, 

SparkPython,

Ignite

MongoDB, 

Ignite
Python(Training)

Tornado (Inference)

Ref: Fast Online 'Next Best Offers' using Deep Learning, ACM COMAD 2019
19



ABench

ABench: Big Data Architecture Stack Benchmark * 
Todor Ivanov and Rekha Singhal

* Published in Proceedings of the 9th ACM/SPEC International Conference on Performance 
Engineering (ICPE 2018), April 9-13, Berlin, Germany, 2018

20



Motivation

• Growing number of new Big Data technologies and connectors in the Big Data Stacks

▪ Challenges for Solution Architects, Data Engineers, Data Scientist, Developers, etc. 

• Missing benchmarks for each technology, connector or a combination of them

• Consequence: Increasing complexity in the Big Data Architecture Stacks

21



DRIVER

BigDataBench

Benchmark 

Repository

BigBench V2

WG: Q1…Q30, 

Q1’..Q5’

DG: (Un, Semi)Structured, 

Stream 

StreamBenchmark

YCSB B’

Benchmark Synthesizer

System/Architecture Under Benchmark 

Data

L1

L2

LN

Workload Benchmark  Validation
Functional, 

Performance 

Results

Configuration Catalog

Workload 

Configuration File
(Use case, concurrency: 

number of users/sec, 

stream velocity & 

window)

Architecture 

Configuration 

File
(Technology, 

Parameters, data 

flow)

Data Generator 

Configuration 

File
(Data Model, 

Types, Size)

Benchmark  Metric 

Configuration File
(Throughput, latency, 

points of 

measurements, Utils)

Deployment 

Configuration File

(Cluster or cloud 

details- IP, ports, 

cores, RAM)

22



MLPerf

https://mlperf.org/

MLPerf Inference Benchmark - Vijay J. Reddi et al.  http://arxiv.org/abs/1911.02549
MLPerf Training Benchmark - Peter Mattson et al. http://arxiv.org/abs/1910.01500

23

https://mlperf.org/
http://arxiv.org/abs/1911.02549
http://arxiv.org/abs/1910.01500


MLPerf Goals

● Accelerate progress in ML via fair and useful measurement

● Serve both the commercial and research communities

● Enable fair comparison of competing systems yet encourage innovation to improve the state-of-the-art 

of ML

● Enforce replicability to ensure reliable results

● Keep benchmarking effort affordable (so all can play)



Benchmarks Considered for MLPerf 

Area Vision Language Audio Commerce Action / RL Other

Problem

Image Classification

Object Detection /   

Segmentation

Face ID

HealthCare (Radiology)

Video Detection

Self-Driving

Translation

Language Model

Word Embedding

Speech Recognition Text-

to-Speech

Question Answering

Keyword Spotting

Language Modeling

Chatbots

Speaker ID

Graph embeddings

Content ID

Rating

Recommendations

Sentiment Analysis

Next-action

Healthcare (EHR)

Fraud detection

Anomaly detection

Time series prediction

Large scale regression

Games

Go

Robotics

Health Care

Bioinformatics

GANs

3D point 

clouds

Word 

embeddingsDatasets
ImageNet

COCO

WMT English-

German

LibriSpeech

SQuAD

LM-Benchmark

MovieLens-20M

Amazon

IMDB

Atari

Go

Chess

Grasping

Models

ResNet-50

TF Object Detection

Detectron

Transformer

OpenNMT

Deep Speech 2

SQuAD Explorer

Neural Collaborative Filtering

CNNs

DQN

PPO

Metrics
COCO mAP

Prediction accuracy
BLEU

WER

Perplexity
Prediction accuracy

Prediction accuracy

Win/Loss



MLPerf metric: Training time to reach quality target

+ cost or power

● Quality target is specific for each benchmark and close to state-of-the-art

○ Updated w/ each release to keep up with the state-of-the-art
● Time includes preprocessing, validation over median of 5 runs

● Available: reference implementations that achieve quality target

In addition, either:

● Cost of public cloud resources (no spot/preemptible instances)

● Power utilization for on-premise hardware

Important for benchmark to capture

both performance and quality



Conclusions

27

Recommendation – ML/DL

Supply Chain- RL

Recommendation – ML/DL Recommendation – ML/DL

Recommendation –RL
Recommendation –RL (distributed training)

Recommendation –RL

Supply Chain- RL Supply Chain- RL (distributed training)
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Thank You for your attention!

Any Questions ?
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