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NERSC: the Mission HPC Facility for DOE
Office of Science Research

EﬁEWREEFY ggig:cc: Largest funder of physical

science research in the U.S.

:;....Fq ' B

Particle Physics, Astrophysics Nuclear Physics Fusion Energy, Plasma Physics
7,000 users, 800 projects, 700 codes, 48 states, 40 countries, universities & national labs
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NERSC Hardware

Edison: Cray XC-30

5,576 nodes, 133K, 2.4GHz Intel "lvyBridge” Cores, 357TB RAM

16x FDR IB

DDN9900 &
NexSAN
Cori: Cray XC-40
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250 TB
NetApp 5460

=mec| i =%
it LIRS o O ¢l Q 50 PB stored, 240
R — -. HPSS PB capacity

Phl1: 1630 nodes, 2.3GHz Intel “"Haswell” Cores, 203TB RAM
Ph2: >9300 nodes, >60cores, 16GB HBM, 96GB DDR per node 32x FDR 1B

Data-Intensive Systems

PDSF, JGI,KBASE,HEP Ethernet &

14x QDR B Fabric =X 10GS

Science Friendly Security 1x 100 Gb

Production Monitoring
ViS & Analytics Data TranSfer NOdeS Power Emcjency SOﬁware Deﬁned
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Data Analytics Methods
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NERSC Big Data Stack

Capabilities Technologies

@
Data Transfer + Access gb GridFTP  jupyter
globus online .v
Az
Workflows Fire Work&h taskfarmer

1 _ :
Data Management m(
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PostgreSQL
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TensorFlow
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Deep Learning Stack

Technologies

Deep Learning ,
. cafe pyrércy (G
TensorFlow

Multi Node libraries

Single Node libraries
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DL adoption by NERSC user community .- Ele

* 150-200 users exercising the DL stack
* 160 respondents to recent ‘ML@NERSC’ survey

100
100 - 99 (61%) How long does it take to train 88 (54%) What is your training dataset size?
your models on a single node?
801 74 (a6%)

80
2 60 Ju) =
c ' [=
= o, =
S 47 (29%) 48 (30%) 3 N 40 (25%)

40A

20 20| 16 (10%) 17 (10%)

11 (7%)

>10TB

o O(1) GB O(10)GB  0O(100) GB 0O(1-10)TB

Minutes Hours Days Weeks

U.S. DEPARTMENT OF Ofﬁce of

EN ERGY Science ?{;BE;LIE!',__&_&?




Why Scale Deep Learning?

* Day/Week-long runtimes for O(100) GB - O(1) TB
sized datasets

— ‘Classical’ convolutional architectures

— More advanced architectures (Hybrid CNN + LSTM,
spacetime convolutions)

* Hyper-Parameter optimization is important
* Large computational demands

* Problem is well suited for HPC systems
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Deep Learning @15 PF m

* ACM/IEEE Supercomputing 2017 Paper

* Thorsten Kurth, Jian Zhang, Nadathur Satish, Evan Racah,
loannis Mitliagkas, Md. Mostofa Ali Patwary, Tareq Malas,
Narayanan Sundaram, Wahid Bhimji, Mikhail Smorkalov, Jack

Deslippe, Mikhail Shiryaey, Srinivas Sridharan, Prabhat,
Pradeep Dubey

Office of https://arxiv.org/abs/1708.05256

:I U.S. DEPARTMENT OF
&) ENERGY science




U.S. DEPARTMENT OF Ofﬂce of /\l ﬂ
ENERGY Science B_E:RK_:E_I'.E\LL_A_B




Extreme Weather




Climate Science Tasks m

Classification Obiect Detection Instance
+ Localization ) Segmentation

Classification
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Semi-Supervised Convolutional Architecture m

Encoder Decoder

NN

384(2)xBx48x72

/ 128(2)x8x192x288
d 64(2)x8x384x576

16(2)x8x7T68x1152

16{2)xBxT68x1152

Classification + Bounding Box Regression
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DL Software

Technologies

Deep Learning .
TensorFlow

(o) (o]
= () @B

Single Node libraries [ MKL-DNN] -

Multi Node libraries
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Multi-Node Strategy

e Data/Batch Parallelism

FORWARD PROPAGATION

R L 2L L
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PROPAGATION

From Pradeep Dubey, “Scaling to Meet the Growing Needs of Artificial Intelligence (Al), IDF 2016
https://software.intel.com/en-us/articles/scaling-to-meet-the-growing-needs-of-ai
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Multi-Node Strategy

588

SYNC..STEP

SYNCHRONOUS ASYNCHRONOUS

Stable convergence * Faster lterations
Pros <+ Same # iterations to convergeas < Robustness to node failures
serial implementation + Better control of batch size
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Hybrid Synchronization

Compute group 1 Compute group G

O
; -z

. i

o
2 -3

~ -

Fully Synchronous Hybrid Fully Asynchronous

< >

Reduced Impact of Stragglers
Finer control of batch size

o,
L

SYNC. STEP

g888
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Scaling Results

Speedup

Strong Scaling

1100

1000_0—; Syrlwchrolnousl I ...... Ill_
900 || ®—® Hybrid, 2 groups o ,'_
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700 L Idgal e T~ ad
BO0 | ooeeh e e
500 |- oot T e
A00 |- i e T
300 | S TR
200 | | | | | | | |
200 300 400 500 600 700 800 900 1000

* Batch size = 2048 per group
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Speed-up

Weak Scaling

2000 H : '
@—e® Synchronrous
e—e Hybrid, 4 groups
1500 H Hybrid, 8 groups
-+ ldeal ; .
1000 |~ T PSSO R
s0f
ol ' ' '
o) | | | |
0 500 1000 1500 2000
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Final Results

Ground Truth
Prediction

0 200 400 600 800 1000

* Reasonable detection results for Climate App

* Largest Caffe run on CPU-based HPC system
—13.3 PF sustained, 15.1 PF peak on 9600 nodes

e Performance enhancements to MLSL, Intel Caffe
and MKL-DNN released to the broader community
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U.S. DEPARTMENT OF
EN ERGY Science




CosmoFlow @3.5 PF

 ACM/IEEE Supercomputing 2018 Paper

Office of https://arxiv.org/abs/1808.04728
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CosmoFlow Team

Amrita Mathuriya Debbie Bard Lawrence Meadows James Arnemann
Intel NERSC Cray Intel UC Berkeley

Lei Shao Siyu He Tuomas Karna Diana Moise  Simon Pennycook Kristyn Maschhoff
Intel LBNL/CMU Intel Cray Intel Cray

Nalini Kumar Shirley Ho Mike Ringenburg Prabhat Victor Lee
Intel LBNL/CMU Cray NERSC Intel
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Ravanbaksh, Oliva, Fromenteau, Price, Ho, Schneider, Poczos; https://arxiv.org/abs/1711.02033
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Based on design in Ravanbaksh et al. (PMLR’16)
7 convolution layers followed by pooling layers

3 fully-connected layers
All layers use leaky Relu as activation function
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DL Software

Technologies

Deep Learning - ’
TensorFlow

(o) D
= ()

Multi Node libraries

Single Node libraries [ MKL-DNN ]




Single-node Performance m

° OptlmIZEd 3D convolutions - Single-node workload breakdown

and pOOIing in MKL-DNN =) SpethP ;T;:GD - Ether B Framework
ompute ugin nux
— Larger convolutions achieve 8

>1 TF 140- .
203
120 1

* Overall 535 GF performance | 23

8100
E
on a single KNL node N
. F o
* Includes I/O and the Cray Plugin = 1841
60 -
overhead
401 | 1
20
0' T
Master Worker Comms
11/0 and 63 4 MPI plugin
OpenMP OpenMP threads
master threads
thread .
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Multi-node Optimizations

TensorFlow GRPC

Cray ML plugin

EEEEEEEEEEEE Oﬁ" ice of

EN ERGY Science

Data Parallel, synchronous
updates

Skip parameter servers, update
worker nodes directly

Cray CPE ML Plugin

— MPI-based, framework-
independent plugin

— No modification to Tensorflow,
python loopback calls

— Dedicated thread pool and
custom reduction algorithm




Scaling Performance

8192 -
—— |deal

—a&— Cori with Burst Buffers
—&— Cori with Lustre
| —— Piz-Daint with Lustre

[=)]
(=
'S
S

Speedup wrt. single node
=)

1 1024 2048 4096 6144 8192
Number of nodes

e Measure overall walltime per epoch (throughput)

* Achieve 77% scaling efficiency at 8192 nodes
— Global batch size = 8192, weak scaling
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Final Results

Qm Og N
—— True Line — True Line 102 {1 7rye Line
0361 x Model 8k Run 0o5{ * Model 8k Run x Model 8k Run
7] @ Model Zk Run @ Model 2k Run 100 4 @ Model 2k Run
098
2 032 % 090 y
-] m -
= = > 096
© 030 b5 2
S T 085 - o 094
£ -1 = oy
L 028 I o
a. a. L
i 0.80 0.92
0.90
D 075
0.88
0.225 0.250 0275 0300 0325 0350 0375 075 0.80 0.85 0.90 095 0.875 0900 0925 0950 0975 1000 1025
True Value True Value True Value

 Parameter estimation comparable to best experimental
uncertainty for (2, and g4, almost 5x smaller for N,

e CosmoFlow scaled out to 8192 nodes; 77% scaling efficiency,
3.5PF sustained performance

* [Largest application of TensorFlow on CPU-based system with
fully-synchronous updates

* Cray plugin and MKL-DNN enhancements deployed in production
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Deep Learning @ 1EF

LEADERSHIP
COMPUTING
FACILITY

%OAK RIDGE

National Laboratory
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DL@1EF Team

Thorsten Kurth

Mayur Mudigonda

T

Ankur Mahesh Michael Matheson Jack Deslippe Massimiliano Fatica Prabhat Michael Houston
36
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Climate Science Tasks m

Classification Obiect Detection Instance
+ Localization ) Segmentation

Classification
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DeepLabv3+ Segmentation Architecture |- Ele

input output
+1152x768, 16 1152x768, 3 T
; |
tadl 77 conv, 64, /2 decoder ¥
. 3x3 conv, 64 i
3x3 maxpool, /2 1 3x3 conv, 256
X 288x192, 64 3x3 cony, 128 1
O p——4 3x3 conv, 256
1x1 conv, 64 . .
3x=< 3x3 conv, 64 1152x768, 128 1152x768, 256 }
1x1 cony, 256 288x192, 256 353 deconv. 256. /2
: "X 144x96, 256 ° I
3x3 decony, 256, /2
1x1 cony, 128 v |
4x< 3x3 conv, 128 1x1 conv, 48 3x3 conv, 256
- |
1x1 conv, 512 3x3 conv, 256
- "} 144x96, 512 >
e 288x192, 256 *
1x1 conv, 256 3x3 deconv, 256, /2
Yol 3x3 cony, 256, d 2 '
- 1x1 conv, 256
1x1 conv, 1024 A
L > 144x96, 1024 ¥
y
~ & 144x96, 1024 ASPP
1x1 conv, 512 > 1x1 conv, 256 —
3x=< 3x3 conv, 512, d 4 g 3x3 cony, 256, d 12 ey
U.S. DEPARTMENT OF 1x1 cony, 2048 g 3%3 CONY; 256’ ]
ENERGY L . N3x3 conv, 256, d 36 [——

144x96, 2048



DL Software

Technologies
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Deep Learning

Frameworks

Multi Node libraries
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Single Node Performance

FP32 Training FP16 Training
Category # Time Math Mem % % % # Time Math Mem % % %
Kern (ms) (TF) (GB) Time Math Mem | Kern (ms) (TF) (GB) Time Math Mem
Forward { Convolutions 71 1724 140 100.0 31.4 51.7 64.4 05 1055 2.79 06.1 25.3 21.2 1012
Point-wise 563 436 <0.1 32.2 7.9 82.1 564 Jl.l <01 353 12.2 76.8
Bk il { Convolutions 95 2705 279 153.2 49.2 65.7 62.9 113  159.7 5.58 05.8 38.3 28.0 66.7
Point-wise 113 41 <01 22 0.7 59.6 123 116 <01 5.0 2.8 479
Optimizer 1056 30 <01 0.7 0.5 25.9 | 1056 30 <01 0.9 0.7 333
Copies / Transposes 388 30.5 - 19.8 5.5 78.0 530 515 - 28.2 12.3 60.8
Allreduce (NCCL) 25 282 <01 0.4 5.1 1.6 30 224 <01 0.7 54 3.5
Type Conversions 143 0.5 - 0.1 0.1 22.2
GPU Idie 12.0 2.9
Total 2311 5499 4.19 308.5 48.5 623 | 2654 417.3 8.38 262.1 16.1 69.8

* 16-bit and 32-bit implementations

* Obtained 39 TF in 16-bit; Theoretical Max: 125 TF
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Multi-Node Optimization

80000
¥¥vy DeeplLabv3+ VI00-FP16, lag 1

70000 - DeepLabv3+, VI00-FP16, lag 0 B 1000
@mm Deeplabv3+, VI00-FP32, lag1 r !
DeepLabv3+, VI00-FP32, [ag 0

60000 [
- 800
© 50000 [
)] i w
240000 - (600 i
(a8
=
= 30000 [ 4o
20000 - _
200

10000 -

0- - T - - - 0
0 5000 10000 15000 20000 25000 30000
#GPUs

 Data Parallel, synchronous and lagged updates

* Hierarchical scheme for local updates (over NCCL/NVLink) and
global updates (over MPI/Infiniband)
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Final Results

30°N

15°N

L \%x,';_k_“tﬁ\l‘ hij S . -
-

Ll
120°W  60°W 0° 60°E 120°E 15°S ”,

* High quality segmentation results obtained for climate data
 Network scaled out to 4560 Summit nodes (27,360 Volta GPUs)
 1.13 EF peak, 0.999 EF sustained performance in 16-bit precision
* Largest application of TensorFlow on GPU-based system, first

exascale Deep Learning application
 TensorFlow and Horovod enhancements deployed in production



Convergence...

- == Sync. (worst) — Hybrid, 4 groups
—— Sync. (best) — hybrid, 8 groups
—— Hybrid, 2 groups

005 |- MR
1.66

0.02 T ! '
0 5 10 15 20 25 30

Wall-clock time (min)

DL @ 15PF
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loss val
— 8K nodes
—— 2K nodes
|
0 25 S0 75 100 125
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CosmoFlow
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Convergence...

1400 —— Tiramisu FP16 #GPUs=384 LR=0.0001 lag=0
—— Tiramisu FP32 #GPUs=384 LR=0.0001lag=0
—— Tiramisu FP16 #GPUs=1536 LR=0.0064 lag=0

1200 —— Tiramisu FP32 #GPUs=1536 LR=0.0064 lag=0
—— DeeplLabv3+FP16 #GPUs=1536 LR=0.0064 lag=0
1000 —— DeeplLabv3+ FP16 #GPUs=1536 LR=0.0064 lag=1

—— Tiramisu FP16 #GPUs=6144 LR=0.4096 lag=0

—— Tiramisu FP32 #GPUs=6144 LR=0.4096 lag=0
800

training loss

6001

400/

200

0 2000 4000 6000 8000 10000 12000 14000
time [s]

DL @ 1EF
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Data Management at Scale NeF

* DL workloads are extremely demanding (Data and
Metadata)

— Read-only, Random shuffles vs. Contiguous reads/writes
— 0O(10) of TBs spread across O(100,000) files

* Lustre and GPFS typically can’t keep up
— Burst Buffer and node-local NVMe storage was critical
* Ingest pipelines for loading scientific data (HDF5,
NetCDF, ROOT) into DL frameworks are not optimized
— multi-threaded support

* |/0 middleware for modern DL workloads might need
to be redesigned

https://www.nextplatform.com/2018/10/09/hpc-file-systems-fail-for-deep-learning-at-scale/
Office of
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Hyper-Parameter Tuning at Scale

* Tuning learning rate + curriculum at scale is an
empirical exercise

— smaller scale experiments need to inform large scale
runs, need theory

— linear / square-root scaling for learning rate followed by
decay
* Choice of optimizer (SGD + Momentum, ADAM,
LARS/LARC) is important

Office of
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Convergence at Scale

 Computational Efficiency vs. Statistical Convergence

— Time to Solution will depend on both
* Parameter update schemes: Sync vs. Async, Lagged

* Effect of Batch Size on convergence
— Start with low batch size and ramp up

* Higher-order optimization schemes

Office of
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Conclusions NEF

* Deep Learning is applicable for scientific problems
* Large datasets and complex architectures require
performance and scaling

— HPC systems are a good match

* Success in scaling DL to largest CPU and GPU-based HPC
systems (15PF, 3.5PF, 1EF) with productive frameworks

* Open Challenges

— Data Management, Hyper-Parameter Tuning, Statistical
Convergence

* Exciting area, open to collaboration!
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Questions?

prabhat@lbl.gov




