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Deep Learning is Fueling the HW Renaissance n
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How Do We Compare Al Hardwc:==? VIS N
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What task?
What model?
What dataset?
What batch size?
What quantization?
What software libraries?
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We Need a Benchmark for ML i}mlgaldd@i’(\1
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“What get measured, gets improved.”
— Peter Drucker

Benchmarking aligns research with development,
engineering with marketing,
and competitors across the industry in
pursuit of a clear objective

(&t
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 Why ML needs a benchmark suite?
 Are there lessons we can borrow?

e What is MLPerf?
e How does MLPerf curate a benchmark?

e What is the “science” behind the curation?
e \What comes next for MLPerf?

e How can we contribute to MLPerf?

[
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Successful History in Benchmarks
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e Settled arguments in the marketplace (grow the pie)

* Resolved internal engineering debates (better investments)
* Cooperative nonprofit corporation with 22 members

* Universities join at modest cost and help drive innovation
 Became standard in marketplace, papers, and textbooks

 Needed to revise regularly to maintain usefulness:
SPEC89, SPEC92, SPEC95, SPEC2000, SPEC2006, SPEC2017

= Fueled the golden age of microprocessor design

O‘ © 2020 MLPerf 8
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 Why ML needs a benchmark suite?
* Are there lessons we can borrow?
* What is MLPerf?
* How does MLPerf curate a benchmark?
* Training
* Inference

e \What comes next for MLPerf?

e How can we contribute to MLPerf?
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MLPerfis.an ML Performance Benchmarking Effort with Wide embedded

Industry and-Academic Support \sldrsr!mll?
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Big Questions Training Inference
1. Benchmark definition What is a benchmark task?
2. Benchmark selection Which benchmark tasks?
3. Metric definition What is performance?

How do submitters run on very different hardware/software
systems?

Which hyperparameters can
5. Issues specific to training or submitters tune? Quantization, calibration,

inference and/or retraining?

6. Presentation Do we normalize and/or summarize results?

4
MLPerf
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75.9%

Do we specify the model?

1. Target quality set by experts in area, raised as SOTA improves

M l_rpyérf © 2020 MLPerf 13
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MLPerf Training Benchmark Suite (v0.7) VIS N
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Benchmark Data set Model Quality Threshold
o ImageNet ResNet-50 v1.5 .
Image classification (Deng et al., 2009) (MLPerf, 2019b) 75.9% Top-1 accuracy
Object detection COCO 2017 SSD-ResNet-34 A
(lightweight) (Lin et al., 2014) (Liu et al., 2016) S m
Instance segmentation and COCO 2017 Mask R-CNN 37.7 Box min AP,
object detection (heavyweight) (Lin et al., 2014) (He et al., 2017a) 33.9 Mask min AP
NLP O\Q\I/igilr;;gizao BERT 0.712 Mask-LM accuracy
Translation WMT17 EN-DE Transformer 5.0 BLEU
(nonrecurrent) (WMT, 2017) (Vaswani et al., 2017) |
: . DLRM
Recommendation Criteo Terabyte CTR (Naumov et al., 2019) 0.8025 AUC
. : Go MiniGo o
Reinforcement learning (19 x 19 Board) (MLPerf, 2019a) 50% win rate

4
MLPerf
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Training Metric: VISITA
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* Quality target is specific for each benchmark and close to state-
of-the-art

* Updated w/ each release to keep up with the SOTA

 Time includes preprocessing and validation over of
N runs

 MLPerf provides the reference implementations that achieve
quality target

(&t
MLPerf
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 Why ML needs a benchmark suite?
* Are there lessons we can borrow?
* What is MLPerf?
* How does MLPerf curate a benchmark?
* Training
* Inference

e \What comes next for MLPerf?

e How can we contribute to MLPerf?
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Result
(with required quality, e.g. 75.1%)

Trained

ResNet “Leopard”

Do you specify the model? Closed Division does, Open Division does not.

O‘ © 2020 MLPerf
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Single stream
(e.g. cell phone augmented vision)

Multiple stream
(e.g. multiple camera driving assistance)

A Server

(e.g. translation app)

Offline
(e.g. photo sorting app)

O‘ © 2020 MLPerf 18
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MLPerf Inference Benchmark Suite (v0.5) VISI N
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Server laten Multi-Stream latenc
Area Task Model Dataset Quality . 24 . 4
constraint constraint
. Image ImageNet 99% of FP32
Vision L Resnet50-v1.5 15ms 50 ms
classification (224x224) (76.46%)
. Image MobileNets-vl | ImageNet 98% of FP32
Vision . 10 ms 50 ms
classification |224 (224x224) (71.68%)
o Object COocCo 99% of FP32 (0.20
Vision , SSD-ResNet34 100 ms 66 ms
detection (1200x1200) mAP)
. Object SSD- Coco 99% of FP32 (0.22
Vision ) ) 10 ms 50 ms
detection MobileNets-v1 | (300x300) mAP)
Machine 99% of FP32 (23.9
Language . GNMT WMT16 250 ms 100 ms
translation BLEU)
(et

MLPerf
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Inference Metric: One Metric for Each Scenario VISI N
summit

Single stream
A (e.g. cell phone Latency
augmented vision)

A A A A Multiple stream # of streams
A A A A (e.g. multiple camera subject to latency
driving assistance) bound

QPS

A
A A (Seervet:anslation app) subject to latency
A & PP bound

Offline

(e.g. photo sorting app) Throughput

O‘ © 2020 MLPerf 20
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Inference Benchmark Suite v0.5 VISI N
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Server laten Multi-Stream latenc
Area Task Model Dataset Quality ) & ) Y
constraint constraint
. Image ImageNet 99% of FP32
Vision . Resnet50-v1.5 15 ms 50 ms
classification (224x224) (76.46%)
. Image MobileNets-vl | ImageNet 98% of FP32
Vision . 10 ms 50 ms
classification |224 (224x224) (71.68%)
. Object COCO 99% of FP32 (0.20
Vision ) SSD-ResNet34 100 ms 66 ms
detection (1200x1200) MAP)
. Object SSD- Ccoco 99% of FP32 (0.22
Vision ) ) 10 ms 50 ms
detection MobileNets-v1 | (300x300) mMAP)
Machine 99% of FP32 (23.9
Language _ GNMT WMT16 250 ms 100 ms
translation BLEU)
(&
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MLPerf Inference Benchmark Suite v0.7 VISI N
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Neural Network MOBILE Neural Network
ResNet-50 v1.5 MobileNet EdgeTPU
_________________________________________ Vision SSD-MobileNet v2
SSD ResNet-34
Vision 00 smmmmmmeemm Deeplabv3
SSD MobileNet v1 (edge) T
_________________________________________ Language Mobile-BERT
3D UNET
Speech RNN-T
Language BERT Large
Commerce DLRM (datacenter)
O‘ © 2020 MLPerf 22
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MLPerf Training and Inference Call for Submissions VISI N
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Closed division submissions Open division submissions

* Enables apples-to-apples comparison * Encourages innovation

* Requires using the specified model * Open division allows using any model
* Limits overfitting * Ensures Closed division does not

e Simplifies work for HW groups SEEELE

(&t
MLPerf
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Timeline for Benchmark Result Submission

Week -12 Week -6 Week O Week 4
* Discuss details onrulesand - Clarify rules * Review submission results
models and implementations ¢ Fine-tune SW for HW * Prepare result release
* Develop the SW stack * Pass compliance check
 Sign CLA

e Release SW

ATTEND WEEKLY SUBMITTER WORKING GROUP MEETINGS

( © 2020 MLPerf
MLPerf



MLPerf Inference Results

Submissions Benchmarks MobileNet-v1 ResNet-50 v1.5 |
ot Al ———— e O S Qe Stream Stream
CATEGOR Y: Available
-1 | Alibaba Cloud Alibaba Cloud T4 17,473.60
Inf—O.t-Z Dell EMC Dell EMC R740 67,124.18 71,214.50 20,742.¢
l Dell EMC R740xd with 2nd generation Intel® Xeon®
Inf-0.5-3 | Dell EMC Scalable Processor
l Dell EMC R740xd with 2nd generation Intel® Xeon®
Inf-0.5-4 [ Dell EMC Scalable Processor
Inf—O.t-S dividiti B RRaspberry Pi 4 (rpi4) 394.34 1,916.65
Inf—0.t—6 dividiti B Raspberry Pi 4 (rpi4) 103.60 448.31
Inf—O.b-T dividiti ~ |Linaro HiKey960 (hikey960) UQ 121.11 518.07
Inf—O.t—S dividiti ~ |Linaro HiKey960 (hikey960) ﬂg 50.77 203.99
Inf—0.i—9 dividiti j(D lLinaro HiKey960 (hikey960) 8 143.07 494.90
Inf-0.5|10 dividiti E Huawei Mate 10 Pro (mate10pro) (7) 74.20 354.13
Inf-0.5411 | dividiti @ Huawei Mate 10 Pro (mate10pro) O 11160 494.92
Inf-0.5§12 | dividiti ) Firefly-RK3399 (firefly) %_’ 120.56 695.11
Inf-0.5§13 | dividiti cﬁ FFirefly-RK3399 (firefly) i_) 106.49 447.90
Inf-0.5§14 | dividiti FFirefly-RK3399 (firefly) (5 80.12 391.02
Inf-0.5§15 | Google | [Cloud TPU v3 ‘E 16,014.2
Inf-0.5§16 | Google [ 2x Cloud TPU v3 -
Inf-0.5817 | Google | |4xCloud TPU v3
Inf-0.5§18 | Google | |3xCloud TPU v3
Inf-0.5§19 | Google 1 | 16x Cloud TPU v3
Inf-0.5§20 | Google 32x Cloud TPU v3
Inf-0.5§21 |Habana Labs HL-102-Goya PCl-board 0.24 700.00
M l_ Inf-0.5§22 | Intel Intel® Xeon® Platinum 9200 processors
Inf-0 58272 | Intal | | B | Intal® ¥Yann® Platiniim 9200 nroceccenre | | N AQ 27 244 1 29 202 20 1 27 A ]BN ¢
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MLPerf Inference v0.5 Presented Almost 600 Results Across a theddri;‘i

Wide Range of Platform Scales summit

104

10°

FT&F'T?&TT—.?ﬁﬁéﬁ

Normalized performance on log10 scale for models and scenarios. Results are normalized to the slowest system and
show up to a 10,000X range in performance.
C

M L Perf © 2020 MLPerf 26
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Inference Performance
10?

10°

MobileNet (SS)
MobileNets-v1 (MS) -
MobileNets-v1 (S)
MobileNets-v1 (O)
ResNet50 (SS)
ResNet50-v1.5 (MS) -
ResNet50-v1.5 (S) -
ResNet50-v1.5 (0) |
SSD-MobileNet
(SS)
SSD-MobileNets-v1 (MS) -
SSD-MobileNets-v1 (S) -
SSD-MobileNets-v1 (0)
SSD-ResNet34 (SS) |
SSD-ResNet34 (MS) |
SSD-ResNet34 (S) -
SSD-ResNet34 (0) |
GNMT (SS)
GNMT (S)
GNMT (0)
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Why ML needs a benchmark suite?
e Are there lessons we can borrow?

What is MLPerf?

* How does MLPerf curate a benchmark?
* Training

* Inference

What comes next for MLPerf?

e How can we contribute to MLPerf?

[
MLPerf
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MLPerf Focuses for 2020
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Evolve the benchmark suites fairly Inference (Datacenter/Edge)

Improve efficiency information
Reduce result sparsity %

Reduce benchmarking cost

[
MLPerf

© 2020 MLPerf
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Conclusion VISI N
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i BEnchmarking ML SyStems is hard MLPERF TRAINING BENCHMARK
due to the fragmented ecosystem e e e e e

* MLPerf is a community-driven ML g
benchmark for the HW/SW industry g

* The benchmark suite helps level the = gt e e et e e
playing field, enabling ML system comparison : - MLF:erTAn) Ir;duzfry

=51 Standard Benchmark Suite
for Machine Learning

* Defines Tasks, Scenarios, Datasets, Methods
== Performance

SFS |SFEEEFR §§'? g“é'
HHIRHE R

arXiv:1911.02549v2 [cs.LG] 9 May 2020

systems Peter Mattson Paulius Micikevicius
. . . . . submissiod - Go0qe Brain NVIDIA
* Establish clear set of metrics and divisions B v g e e
Index : ine Cheng Berkeley
‘Guenther Schmu
mmx Cody Coleman Microsoft Azure Al Infrastructure
langusge | Stanford University Hanlin Tang
o o wnd o eq Diamos Intel
nse Landing Al Gu-Yeon Wei
* Allows for hardware/software flexibility o il T
computarf  Real Worls d Technoloy gies Carole-Jean Wu
welopers Facebook and Arizona State University
Abstract—In this article, we describe the desi MLPerf, hine learning
per that n first fthe
MLPerf
1.3« speedup in the top 16-chip y target
P and a 5.5« increase in system scale. The first round of MLPerf I niml'wh-dmrm
(‘ results from 14 different.
© 2020 MLPerf 29
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MLPerf Needs Your Help! VISI- N

summit

e Join the discussion community at miperf.org
* Help us by joining a working group
* Cloud training and inference
* Mobile Inference, HPC
 On-premises scale, submitters, special topics
* Help us design submission criteria, to include the data you want
* Propose new benchmarks and data sets
* Address challenging “special topic” issues

e Submit your benchmark results!

[
MLPerf

© 2020 MLPerf 31
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info@mlperf.org

Latest Inference Results
October 19, 2020

(&t
MLPerf

Abroad ML benchmark suite for measuring performance of ML software
frameworks, ML hardware accelerators, and ML cloud platforms.

Submission Deadline

October 31st, 2018

Overview

The MLPerf effort aims to build a common set of benchmarks that enables the machine
learning (ML) field to measure system performance for both training and inference from
mobile devices to cloud services. We believe that a widely accepted benchmark suite will
benefit the entire ity, including builders of machine
learning frameworks, cloud service providers, hardware manufacturers, application
providers, and end users.

MLPerf — - »
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MLPerf: An Industry Standard Benchmark Suite for
Machine Learning

Carole-Jean Wu
carolejeanwu@fb.com

MLPerf Inference Chair
Recommendation Benchmark Advisory Board Chair
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